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General abstract Risk of drought for agriculture in Morocco is increasing due to dual pressure of decreasing and fluctuating precipitations and increasing domestic and industrial needs. This risk has to be considered and managed to insure food security. Early Warning Systems, and particularly agro-meteorological crop yield models, constitute early decision-making tools to warn of production drop due to drought. At continental to global scales, operational yield forecasting systems exist, which do provide timely estimates on the yields of the major crops in Morocco, but in a rudimentary way and only at national level. However, no specific system exists for Morocco and so far the official production estimates for the major crops are based on costly field surveys during May to September period and final results are published during the next crop season in July to October. The objective of this study is to prospect the feasibility of accurate early prediction models for wheat (Triticum aestivum L.) grain yields in Morocco, as it is by far the most consumed and cultivated crop. The challenge consists on elaborating prediction models to be used in an operational mode by decision-makers, based on reliable approaches and easily available agro-climatic indices or weather data. The used approach to predict yields consists on using 4 different methodologies, depending on data availability: (1) Ordinary Least Squares (OLS) regression models, using only seasonal rainfall as predictor, (2) OLS regression models, using Seasonal rainfall, temperature and Normalized Difference Vegetation Index (NDVI) as predictors, (3) Artificial Neural Network (ANN) analysis, using Seasonal rainfall and NDVI as predictors and (4) AgroMetShell (AMS) water balance model, that uses dekadal rainfall and potential evapotranspiration as inputs. Seasonal rainfall, temperature and NDVI were used, as they display strong associated interannual variation with wheat yields in Morocco. The first methodology is based on empirical OLS regression models to predict grain yields at province level, using only rainfall information. Grain yield was predicted at national level with 11.1% (119 kg.ha-1) error, when taking into account all the information at provincial level. The predicted error depends on province and can range from 67 kg.ha-1 to 595 kg.ha-1. Seemingly Unrelated Regressions (SUR) were used, as an original methodology in agrometeorology, to improve these predictions taking into account spatial information for a set of neighbor provinces. SUR models improved yield predictions, as R2 between observed and predicted grain yields increased from R2=90.7%*** to R2=91.3%***. The models used are promising and could be applied for predicting wheat grain yields in Morocco if only rainfall information is available. The second methodology keeps the same OLS modelling methodology to predict wheat yields but using seasonal NDVI and temperature information in addition to rainfall, still at both provincial and national levels. The predictions used dekadal (10-daily) NDVI/AVHRR, dekadal rainfall sums and average monthly air temperatures. The global land cover map GLC2000 was used to select only the NDVI pixels that are related to agricultural land. This second methodology is simpler and more accurate, comparatively to the first methodology, mainly thanks to NDVI information. At province and country levels most of the yield variation was accounted for by NDVI. Provincial wheat yields were assessed with errors varying from 80 to 762 kg.ha-1, depending on the province. At national level, wheat yield was predicted at the third dekad of April with 6.8% (73 kg.ha-1) error, using NDVI and rainfall. However, earlier forecasts are possible, starting from the second dekad of March with 84 kg.ha-1 error. The proposed models



can be used in an operational context to forecast wheat yields in Morocco when NDVI is available in addition to rainfall. The third methodology attempted to use ANN to predict yields using NDVI and rainfall information. ANN were used as they seem to have a great potential as they can theoretically deal with linear or even non linear relations for various levels of complexity, without any a priori assumption regarding the processes involved. This third methodology was compared to the second methodology, but only at country level. Multiple linear regression models performed better that ANN analysis for predicting wheat yields in Morocco. National wheat grain yields could be forecasted with 73 and 94 kg.ha-1 errors in validation at the second dekad of April, respectively using OLS models and ANN analysis. The lower performance on ANN analysis was probably due the linearity between yields and the predictors (NDVI and rainfall) and to the shortness of the used times series, in respect to the high year-to-year variation of NDVI, rainfall and yields. The fourth methodology is based on AMS software, which derives agro-climatic indices, based on rainfall and evapotranspiration information. Three indices (Water Surplus Deficit, Water Requirement Satisfaction Index and Soil Water Storage), derived from AMS were correlated to wheat yields in Morocco. A fourth and new index was added to the evaluation, calculated as the integration of the Water Surplus Deficit index over dekads from the start of season in November. Two sample provinces, Meknès and Safi, located respectively in a subhumid and a semi-arid agro-ecological zone were considered. Amongst the 4 indices, the Soil Water Storage (SWS) and the Water Requirement Satisfaction Index (WRSI) were the most correlated to wheat grain yield at the dekad level, respectively in Meknès (maximum R2=82% at 1st dekad of March) and Safi (maximum R2=67% at 1st dekad of April). AgroMetShell performance was also compared to the NDVI provided by NOAA-AVHRR. The four AgroMetShell indices were better correlated to yield than NDVI in Meknès, contrarily to Safi where NDVI was the best index. Regression models for predicting wheat yield at the province level were determined based on AMS and NDVI indices. Models combining AMS and NDVI explained 79% (330 kg.ha-1 error) and 92% (110 kg.ha-1 error) of wheat yield variability respectively in Meknès and Safi, even if most of grain yield variability was accounted for by NDVI in Safi. AMS seems to be an interesting tool in Morocco for wheat monitoring when no NDVI information is available in a sub-humid province such as Meknès. At national level, potential improvements could stem from the inclusion of non-weather predictors (diseases, pests, soils, and irrigation) and water balance calculation in the proposed models. In addition, the predictions could be improved using better NDVI quality, derived from SPOT-vegetation for example, instead of NOAA/AVHRR. Our preliminary evaluation (not shown) of the SPOT-vegetation sensor, displayed better correlations between wheat yields and NDVI/SPOT in Morocco for the 1988-2004 time period. However, SPOT time series is actually too short for modelling use and, pooling these two datasets is restricted, as poor correlations were found between NDVIs derived from SPOT-vegetation and NOAA/AVHRR sensors. At provincial level, R2 widely ranged from 24 to 98.5% using only rainfall predictors and, from 64 to 98% using NDVI, rainfall and temperature predictors. The use of vegetation information could be more efficient at the provincial level, if higher spatial resolution NDVI images and land covers maps are used. In addition, provincial models should be based on more representative weather stations, as only one synoptic station per province was available in our study. If adopted, the proposed models will certainly help policy-makers to warn populations for



drought and plan well in advance annual imports, ultimately helping for food security of the country. These models are early, fast and low costly if compared to the actually used surveysbased methodology, needing only real time dekadal rainfall, temperature data and, NDVI images for nine dekads (February to April). The proposed approach is relatively easy to understand and not constraining, as it relies on well robust methodologies and could be adapted according to data availability. The proposed models could be applied by decision-makers to accurately predict wheat yields in an operational context, at both provincial and national levels in Morocco.



Résumé général Le risque de sécheresse agricole au Maroc augmente sous la pression conjuguée des fluctuations pluviométriques et des besoins domestiques et industriels croissants. Ce risque doit être pris en compte et géré pour assurer la sécurité alimentaire. Les Système d’Alerte Précoce et, particulièrement les modèles agro-météorologiques de prédiction des cultures, constituent des outils d’aide à la décision pour alerter les agriculteurs sur le risque de sécheresse. Aux niveaux continental et global, des systèmes de prévision existent et fournissent à temps des estimations de rendement pour les cultures les plus importantes pour le Maroc, mais de façon rudimentaire et uniquement à l’échelle nationale. Cependant, aucun système spécifique au Maroc n’existe pour l’instant et les estimations officielles des principales cultures se font sur la base d’échantillonnages coûteux, durant la période de mai à septembre, dont les résultats ne sont publiés qu’au début de la saison suivante, entre juillet et octobre. L’objectif de cette étude est de prospecter la possibilité d’élaborer des modèles précis de prédiction du rendement en grain du blé (Triticum aestivum L.) au Maroc, étant donné que cette denrée est la plus cultivée et consommée. Le challenge consiste donc à élaborer des modèles de prédiction, basés sur des approches fiables et des données climatiques facilement disponibles, qui puissent être utilisés de manière opérationnelle par les pouvoirs publics. L’approche utilisée consiste à utiliser quatre méthodologies différentes pour prédire les rendements, modulables en fonction de la qualité et de la disponibilité des données: (1) les modèles de régression par la méthode ordinaire des moindres carrés (OLS), en utilisant la pluviométrie saisonnière comme variable explicative; (2) les modèles OLS, en utilisant la pluviométrie, la température et l’Indice de Végétation par Différence Normalisée (NDVI) saisonniers comme variables explicatives ; (3) les réseaux artificiels de neurones (ANN), en utilisant la pluviométrie et le NDVI saisonniers comme entrées et ; (4) le modèle AgroMetShell (AMS) basé sur le bilan hydrique, qui utilise la pluviométrie et l’évapotranspiration potentielle comme entrées. La pluviométrie, la température et le NDVI saisonniers ont été utilisés en raison de leur forte variabilité associée à celle des rendements du blé au Maroc. La première méthodologie se base sur la régression OLS pour prédire les rendements du blé au niveau provincial, en utilisant uniquement la pluviométrie saisonnière. Les régressions apparemment reliées (SUR) ont été utilisées, comme approche originale en agrométéorologie, pour améliorer les prévisions par la prise en compte de l’information spatiale entre provinces. Le rendement grain est prédit au niveau national avec 11.1% (119 kg.ha-1) d’erreur, lorsque l’on tient compte de l’information au niveau provincial. L’erreur de prévision dépend des provinces et peut varier entre 67 kg.ha-1 et 595 kg.ha-1. Les modèles SUR ont amélioré la prévision des rendements avec un R2, entre les rendements observés et prédits, qui passe de 90.7%*** à 91.3%*** par rapport aux modèles OLS. Les modèles utilisés sont prometteurs et peuvent être utilisés pour prédire le rendement grain du blé au Maroc, lorsque seule l’information pluviométrique existe. La seconde méthodologie reprend la modélisation par la méthode OLS pour prédire les rendements provinciaux et nationaux mais en utilisant, en plus de la pluviométrie, la température et le NDVI saisonniers comme prédicteurs. Les prévisions utilisent les valeurs de NDVI/AVHRR décadaires (10-jours), de pluviométrie décadaire cumulée et de température moyennes mensuelles. La carte d’occupation des sols GLC2000 a été utilisée pour ne sélectionner que les pixels NDVI qui correspondent aux terres agricoles. Cette seconde méthodologie est plus simple et permet des prévisions plus précises, essentiellement grâce à l’apport de l’information NDVI.



Aux niveaux provincial et national, le NDVI a expliqué la majorité de la variation des rendements. Au niveau provincial, les rendements ont été prédits avec des erreurs variant de 80 à 762 kg.ha-1, selon les provinces. Au niveau national, les rendements ont été prédits à la troisième décade d’avril avec 6.8% (73 kg.ha-1) d’erreur, en utilisant le NDVI et la pluviométrie comme prédicteurs. Cependant, des prévisions plus précoces sont possibles, à partir de la seconde décade de mars avec 84 kg.ha-1 d’erreur. Les modèles proposés peuvent être utilisés en mode opérationnel pour prédire les rendements du blé au Maroc, lorsque l’information NDVI est disponible en plus de la pluviométrie. La troisième méthodologie tente de prédire les rendements sur base de l’analyse ANN, en utilisant l’information sur le NDVI et la pluviométrie. Les réseaux de neurones ont été utilisés en raison de leur potentiel d’analyse des relations linéaires ou non linéaires compliquées, sans présupposer de la forme de la relation. Cette troisième méthodologie a été comparée à la deuxième méthodologie (OLS), mais uniquement pour la prévision des rendements au niveau national. Les modèles OLS ont réalisé des prévisions de rendements meilleures qu’avec l’analyse ANN, avec des erreurs de prédiction respectives de 73 et 94 kg.ha-1, en mode validation à la seconde décade d’avril. La puissance d’optimisation de l’analyse ANN n’a pas pu s’exprimer en raison de la linéarité de la relation entre le rendement du blé et les prédicteurs choisis (NDVI et pluviométrie) et, parce que la série chronologique disponible était trop courte au regard de la forte variabilité inter-annuelle des rendements, du NDVI et de la pluviométrie. La quatrième méthodologie est basée l’évaluation de la capacité du logiciel AMS de la FAO à fournir des indices agro-climatiques corrélés au rendement du blé au Maroc, à partir des données climatiques de pluviométrie et d’évapotranspiration potentielle. Trois indices, le Surplus-Déficit en Eau (WSD), l’Indice de Satisfaction de Besoins en Eau (WRSI) et le Stockage de l’Eau dans le Sol (SWS), ont été choisis pour cette évaluation. Un quatrième nouvel indice a été évalué, calculé en intégrant le WSD sur plusieurs décades consécutives (ΣWSD) à partir du début de saison en novembre. Deux provinces test ont été choisies, Meknès and Safi, situées respectivement en zone subhumide et semi-aride. Parmi ces quatre indices, SWS et WRSI ont été les plus corrélés au rendement du blé au niveau décadaire, respectivement à Meknès (maximum R2=82% à la 1ère décade de mars) et Safi (maximum R2=67% à la 1ère décade d’avril). La performance des indices de sortie d’AMS a été comparée au NDVI fourni par le satellite NOAAAVHRR. Les quatre indices (WSD, WRSI, SWS et ΣWSD) ont été mieux corrélés au rendement du blé que le NDVI à Meknès, contrairement à Safi où le NDVI était le mieux corrélé. Des modèles de prédiction du rendement du blé on été établis à partir de ces 4 indices et du NDVI. Les modèles combinant les indices issus d’AMS et le NDVI ont expliqué 79% (330 kg.ha-1 d’erreur) et 92% (110 kg.ha-1 d’erreur) de la variabilité du rendement, respectivement à Meknès et Safi. AMS semble être un outil intéressant pour la prévision du rendement du blé au Maroc, lorsque l’information sur la végétation n’est pas disponible dans une zone subhumide telle que Meknès. Au niveau national, les améliorations potentielles des modèles proposés pourraient venir de la prise en compte des facteurs prédictifs non climatiques (maladies, ravageurs, sols et irrigation) et du bilan hydrique. Les prédictions peuvent aussi être améliorées par l’utilisation d’images NDVI de meilleure qualité, provenant du satellite SPOT-vegetation par exemple. Une évaluation succincte (non montrée) a démontré que les rendements du blé sont mieux corrélés aux NDVI provenant de SPOT-végétation que de NOAA/AVHRR sur la période 1988-2004. Cependant, la série SPOT est actuellement trop courte pour être utilisée en modelisation et,



l’utilisation combinée de ces deux types de séries est restreinte par le fait que les NDVI de SPOT et de NOAA/AVHRR sont très faiblement correlés. Au niveau provincial, les R2 varient fortement d’une province à l’autre, de 24 à 98.5% en utilisant la pluviométrie comme prédicteur et, de 64 à 98% en utilisant le NDVI, la pluviométrie et la température comme prédicteurs. L’utilisation de l’information de végétation peut etre plus efficace si des images NDVI et des cartes d’occupation des sols de plus grande résolution spatiale sont utilisées. De plus, les modèles provinciaux devraient être bases sur un plus grand nombre de stations climatiques représentatives, contrairement à notre étude ou une seule station par province a été disponible. L’adoption des modèles proposés aidera sans doute les décideurs à alerter les agriculteurs sur les risques de sécheresse agricole et à prévoir à l’avance les besoins en importations de blé, aidant ainsi la sécurité alimentaire du pays. Ces modèles sont précoces, rapides et peu coûteux comparés à la méthodologie d’échantillonnage actuellement utilisée, ne nécessitant que des données de pluviométrie et température en temps réel et des images NDVI sur neuf décades (février à avril). L’approche propose est relativement facile à comprendre et n’est pas contraignante étant donné qu’elle repose sur des méthodologies robustes et qu’elle peut être adaptée en fonction de la disponibilité en données de base. Les modèles proposés peuvent être utilisés, par les pouvoirs publics en mode opérationnel, pour la prédiction des rendements du blé au Maroc, aux niveaux provincial et national.



INTRODUCTION



Introduction Food security in the world will face two challenges: satisfy the needs of increasing populations and alleviate decreasing available water resources due to climate change. Actually, world food security is based on a limited number of species (mainly wheat, maize and rice) and on non-renewable inputs, producing large amounts of food but with negative impacts on natural resources of biodiversity, soil and water. In the future, the quality of the investments in the agriculture sector will be the key for environmental sustainability. Investments must be more strategic, considering natural resources as a vital capital, improving water use efficiency1 and water risk management in agriculture. In Morocco, the objective of food security policy tends to insure national dietary needs, based on a pragmatic policy that promotes self-reliance agriculture and permits food imports to compensate for structural deficits. The food security policy mainly expects to reduce the food and trade balance deficits, taking into account limited water resources, agro-climatic potentialities and increasing population needs. Irrigation has been introduced as a way of reducing the vulnerability to drought risks and increasing productivity, as water resources entirely rely on precipitations2 and most of lands (93%) are arid or semi-arid (200 to 400mm). Irrigation uses now the major portion (83%) of all collected water resources, as the government from the 1960s onwards implemented a deliberate policy of building a series of large reservoir dams (Anon., 2004a). However, crop production still strongly fluctuates from year to year, as 85% of agricultural lands remain rainfed (Bzioui, 2005), depending on an erratic climate (Fig. 1). The challenge for Morocco is then to supply local market on time at lower cost imports, while promoting a sustainable agriculture, in a context of dubious climate, limited water resources and increasing population needs. Moroccan agriculture is strongly dependent on rainfall, as rainfed areas represent 85% of agricultural lands (7.9 millions hectares). Cereals are a strategic food in Morocco with a consumption of 210 kg per capita, one of the highest in the world (159 kg at world level) which is still not entirely covered by local production. The coverage ratio3 of the cereal needs strongly fluctuates from year to year. It was 114, 21, 118 and 47% in 1994, 1995, 1996 and 1997, respectively. In fact, cereal yields are low and the production satisfied only 62 % of population 1



Defined as the mass of agricultural produce per unit of water, or in a similar manner as water productivity. Amount of rain and snowfall. 3 Capacity of a country to satisfy its dietary needs from local production. 2
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needs during the 1994-98 period whereas it was 85%, 25 years ago, between 1970 and 1974. In year 2002, cereals represented 38% of the cost of all agricultural imports (Anon., 2003a). Rural population represents now 45% of the total population (29.9 millions in 2004; Anon., 2005a). wheat (Triticum aestivum L.) is the most consumed cereal and represents 30% of the costs of total agricultural imports. It is grown on a wide range of environments: oasis (area insignificant), low rainfall (arid and semi-arid, 40% area), high rainfall (sub-humid and humid, 40% area), irrigated (10% area) and mountainous areas (10% area) and on a variety of soils and production systems. Agricultural production strongly contributes to the Gross Domestic Product4 (16.1% of GDP averaged over the period 1982-2003), with high year-to-year fluctuations due to rainfall variability (extremes of 21.0% in 1986 and 11.4% in 2000; Anon., 2003a). However, this contribution decreased the last years to 14.5% during the 2001-2003 time period. Associated with the rainfall variability, drought became a characteristic of the Moroccan climate during the last 25 years. Drought occurrence has significantly increased in the recent past. In the 40 years from 1940 to 1979, only 5 were affected by drought events (12.5%). This number rose to 6 years on 16 (37.5%) over the years 1980-1995 and to 4 on 7 (57.1%) in the 1996-2002 period (Balaghi, 2000a; Barakat and Handoufe, 1998). Morocco is located in the northwest corner of Africa, bordered by the Mediterranean Sea and the Atlantic Ocean on the north and west, by Algeria on the east, and by Mauritania on the south. Its total land area is 710850 km2 and includes several zones, among which are agricultural plains and river valleys, plateaus, and mountain chains (Anon., 2004b). Most of lands are arid to semi-arid from which 75% are rangelands, 13% forests and 8% are cultivated (Fig. 2). Morocco has a Mediterranean climate characterized by a dry and hot summer (4 to 6 months) and a short and cold winter in elevations. The North Atlantic Oscillation (NAO) is the main general circulation feature associated with the rainfall variability and the concurrent state of NAO is inversely related to precipitations. The relationship is in fact due to the major role played by the AZORES high pressure. Four mountains chains (High Atlas, Anti-Atlas, Middle Atlas and Rif) represent 15% of total country area and 70% of water surface flow generated by precipitations (Anon., 1999). More than 50% of the precipitations are concentrated over only 15% of the country area. In addition, spatial and temporal rainfall variability is considerable (Fig. 3). 4



The total market value of all the goods and services produced within the borders of a nation during a specified period. -2-
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Average precipitations are 352 mm/year (from 1988 to 2004), varying from 723 mm in the north (at Tangier) to 71 mm in the south (at Lâayoune). Precipitations are evaluated at 150 km³/year in average, ranging from 50 to 400 km³, out of which only 29 km³/year could be potentially collected (20.5 km³/year surface water5 and 8.5 km³/year groundwater6). The difference (121 km³/year) returns to the atmosphere by the evapotranspiration7 process (Anon., 2002). Actually, 20 km³/year are effectively collected, from which 16 km³/year surface water and 4 km³/year groundwater. Fresh water availabilities per capita will decrease by a half, from 830 m3 in 1990 to 411 m3 toward 2020, because of increasing population needs and decreasing rainfall volume according to climatic change projections (about 4% in 2020). Water resources availabilities in Morocco have been studied in term of institutional and hydrological issues (Agoussine and Bouchaou, 2004) or desertification (Benbrahim et al., 2004) but not in term of water risk management. Water risk management for food security in the world was the main thematic developed by Food and Agriculture Organization of the United Nations (FAO) on the occasion of the Third World Water Forum held in Kyoto in 2003 (Kijne, 2003; Tychon et al., 2002). Agro-meteorology could play a significant role to reduce the vulnerability of the Moroccan agriculture to weather risks in the objective of food security. Agro-meteorology is particularly indicated for building decision tools for early prediction of crop production. These decision tools could help policy-makers planning well in advance for food imports when necessary. They could also play a major role in the implementation of the national drought risk management program, which is conducted by the National Drought Observatory since year 2000. They could in addition enhance the existing Moroccan drought insurance system which currently uses a rainfall model to predict yields, but with moderate accuracy (Skees et al., 2001). This insurance system was set up in order to share out economically drought risks between rural and urban sectors. At continental to global scales, operational yield forecasting systems exist, which do provide timely estimates on the yields of the major crops in Morocco - be it in a rudimentary way and only at national level. Amongst the most important ones appear Global Information and 5



Water which stays or flows on the soil surface. Water which is below the surface of the ground in the saturation zone and in direct contact with the ground or subsoil. 7 Sum of soil evaporation and plant transpiration. 6
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Early Warning System8 (GIEWS) coordinated by FAO, and Monitoring Agriculture with Remote Sensing (MARS) managed by the European Commission. Both GIEWS and MARS try to improve their yield forecasts by using the low-resolution imagery registered by synoptic earth observation systems, such as NOAA-AVHRR (active since around 1980) and SPOTVEGETATION9 (since 1998). However, no specific system exists for Morocco and so far the official crop production estimates (for wheat, durum wheat, barley and maize) are based on costly field surveys conducted by the Economic Services of the Ministry of Agriculture (Direction de la Programmation et des Affaires Economiques) during May to September period and, final results are published during the next crop season in July to October. Standard yield forecasting tools rely on the assumption that yields are mainly determined by weather, while technological and socio-economic factors are relatively negligible. For Morocco, this assumption is justified by the above-mentioned high inter-annual variations, mainly caused by changes in rainfall that mask such technological trends. Nevertheless, few studies were interested in building predictive crop production models despite the strong dependency of the Moroccan agriculture on weather. The few concerned studies mainly dealt with management strategies (Aboudrare et al., 1999) or with the impacts of drought on agriculture (Barakat and Handoufe, 1998; Yacoubi et al., 1998) and natural resources (Bahir et al., 2002; El Jihad, 2003), particularly during the recent dry period 1980-2000. The World Bank (Skees et al., 2001) is still working on the feasibility of a rainfall-based index insurance to provide effective, low-cost drought insurance for Moroccan farmers and rural dwellers. One of the difficulties faced by the World Bank was the absence of adapted local prediction models. Recently, Jlibene et al. (2003) attempted to use rainfall data to predict cereal grain yields with relative success. Prediction results, validated after moving out one season at a time from analyses, suggested use of three decades rainfall data as predictor. However, prediction was used for only the Meknes province, in the central part of the country, and time series of rainfall and regional yield data used were short including only 14 seasons.



8



GIEWS continuously monitors the food supply and demand situation around the world, and reports to the international community through its system of regular and ad hoc reports. 9 Multi-spectral scanning radiometer (aboard of SPOT 4 and 5 satellites) acquiring images in 4 channels with 1 km spatial resolution.
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The strong impact of weather on crops in Morocco encouraged many authors to develop simple decision tools, also called climatic indices (De Martonne, 1926; Emberger, 1936; Bagnouls and Gaussen, 1957; Sauvage, 1963). Other locally adapted agro-climatic indices have also been developed all over the world using additional soil or plant parameters, introducing the concept of evapotranspiration. These agro-climatic indices were based on temperature (Thornthwaite, 1948; Blanney and Criddle, 1950), radiation (Jensen and Haise, 1963; Makkink, 1957; Turk, 1963; Hargreaves, 1972) or combined climatic parameters (Penman, 1956). The Penman (1956) index represents the evapotranspiration for a given location. It has recently been improved by FAO, as being the standard Penman-FAO index (Smith, 1991; Allen et al., 1998), representing the evapotranspiration (ET0) of a living grass reference crop (albedo=0.23, height=0.12 m, surface resistance=70 s.m-1). It is calculated based on most climatic parameters recorded in modern weather stations (wind speed, relative humidity, radiation, and temperature). The Penman-FAO index has been extensively used to derive actual evapotranspiration (AET) in rainfed crops, schedule irrigation (Duchemin et al., 2006; Jensen et al., 1971) and to classify lands in the Mediterranean zones for example (Le Houerou, 2004). The first step in the AET calculation is based on ET0 and crop coefficients (Kc), the later being introduced to separate the climatic demand from the plant response (Allen et al., 1998). The second step requires information on soil water availability and is expressed by a stress coefficient (Ks) which multiplied by Kc and ET0 will give an AET assessment. The Penman-FAO index has the advantage of being more accurate and universal than the original Penman index (Penman, 1956). For instance, it was highly correlated to real evapotranspiration measures for rice field experiments in Moroccan environments (Lage et al., 2003). Recently, satellite imagery development allowed the derivation of new indices from vegetation reflectances measures. The Normalized Difference Vegetation Index (NDVI), as registered since 1980 by the AVHRRsensor, is one of these satellite indices and was widely used as a measure of vegetation vitality (Bochenek, 2000; Genovese et al., 2001; Kogan, 2001; Maselli et al., 2000; Seiler et al., 2000; Unganai and Kogan, 1998). NDVI has been extensively used in vegetation monitoring, crop yield assessment and forecasting (Benedetti and Rossinni, 1993; Kefyalew et al., 2005; Quarmby et al., 1993). In Morocco, the NDVI index was strongly correlated to regional yields (Kogan, 2000a) and to Leaf Area Index (Duchemin et al., 2006). NDVI information is particularly useful in semiarid regions where the state of the vegetation shows high year-to-year variations – as it is also the
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case for the African Mediterranean countries. In Morocco, vegetation is operationally monitored by the CRTS (Moroccan Royal Centre for Remote Sensing, in Rabat) but there is no linkage with crop yields due to the lack of well established yield-NDVI models. More sophisticated decision tools or crop simulation models are widely used in the world to understand the crop response to weather and soils (Landau et al., 2000). These simulation models often need many other accurate input data on weather, soils and crops that are not easily available, particularly in developing countries. They do also require the fitting of many parameters, an uneasy task even more in developing countries. In addition, these complex models have often been implemented for few environments and their outscale use for large scale monitoring is somewhat inefficient (Landau et al., 1998; Priya and Shibasaki, 2001). Crop yield is generally predicted using simulation models, empirical models (Bakker et al., 2005), or hybrid (simulation-empirical) models (Landau et al., 2000). In international literature, most of crop yield prediction studies are based on crop simulation models with more or less success. Crop models are undoubtedly useful in helping to understand crop growth and development mechanisms. However, multiplicity of models in the literature makes difficult choosing the most adapted model to particular conditions, like for instance those of a given country. Finally, simulation models are not fully suitable for calibration and validation in the sense that they generate nonreplicated estimates that could not be compared to observations with usual statistical test procedures (Sinclair and Seligman, 2000; Van Oijen, 2002). Simpler crop simulation models, based on well improved and robust indices and water balance modelling could adequately replace these complex models and be satisfactory at this large scale. However, in regional water balance modelling, the estimates of evapotranspiration as well as the partitioning between soil evaporation and plant transpiration are crucial issues, especially in semi-arid regions where scarcity of soil water is an important limiting factor to crop growth and development. AgroMetShell is such a simple model newly developed from a joint collaboration between the Agrometeorology Group, Environment and Natural Resources Service (SDRN) of FAO and the SADC Regional Early Warning System. AgroMetShell was designed to support crop forecasting based on crop water balance calculations using rainfall, ET0, and crop data at dekadal time step. It integrates the main tools developed by FAO and used in the EWS
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(Early Warning System), such as SUIVI10 (agrometeorological database), FAOINDEX (Crop specific water balance), etc. Empirical models, particularly those obtained by Ordinary Least Squares (OLS) methods, have the advantage of being simpler, easier to understand, locally more adapted and need relatively less data to be elaborated than crop simulation models. In twelve European countries, a set of simple variables of the climatic, pedogenetic and economic environment explained variations in regional wheat yields and trends in yields across Europe (Bakker et al., 2005). Among these variables, climatic variables (rainfall, temperature, evapotranspiration and global radiation) together described the highest percentage of the observed variability in yields more than soil or economic variables using simple regression models. Generally, yield predictive capability of empirical OLS regression models is limited by the number of available observations in a time series for one location. This limitation could be overcome by pooling data from different locations assuming that response of yield to climate is of the same shape. In this approach, the data are treated as if they were representing one homogeneous environment and one OLS regression model could be used. However, this later approach leads generally to increased errors in prediction. A recent approach uses Seemingly Unrelated Regression (SUR) for improving OLS models without pooling. SUR model, developed by Zellner (1962), also called system of regression equations, is a generalization of the OLS model for multi-equation systems. SUR models are applied when different OLS models must be analyzed together without assumption about slopes equality like in the case of covariate regression analysis. SUR models may improve OLS models when connections exist between different regression equations or, explicitly, when residual errors of several regressions using different data sets that span the same period of time could be correlated among themselves. The efficiency of the SUR models theoretically increases, comparatively to the ordinary regression models, the more the correlations between residual errors differ from zero and the closer the explanatory variables for each response are uncorrelated (Mehta and Swamy, 1976, Sparks, 1987). SUR models have been used first in econometrics (Greene, 2003; Srivastava and Giles, 1987). They have been recently used in aquaculture economics (Samonte-Tan and Davis, 1998), forestry (Hasenauer, Monserud and Gregoire, 1998; Rose and Lynch, 2001), in genetics for explaining spatial diversity (Smale et al., 2003) and in environmental studies (Sparks, 2004). However, SUR modelling has not yet 10



A flexible, multi-lingual tool for storage of weather data and formatting them for publication. -7-
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been found in the field of agro-meteorology to predict yields. SUR models could intuitively be indicated in Morocco where a climatic and yield gradient exist from the south to the north and from the east to the west, the south-west being drier in the country. Different alternative approaches have been used to predict crop yields such as least square regression (Jones, 1982), regression models combined with land cover maps (Genovese, 2001; Weissteiner and Kühbauch, 2005), neural network (Stoikos, 1995), autoregressive statespace models (Wendroth et al., 2003), exponential-linear crop growth algorithm (Oroda, 2001), geographically weighted regression (Foody, 2003), power function regression (Ma et al., 2001), non-linear picewise regression (Prasad et al., 2006) and numerical crop yield model (Mo et al., 2005; Rodriguez et al., 2004). From these methodologies, Artificial Neural networks (ANN) seem to have a great potential as they can theoretically deal with linear or even non-linear relations for various levels of complexity, without any a priori assumption regarding the processes involved. ANN have been used in various field science such as ecology (Lankin et al., 2001), hydrology (Coulibaly et al., 2001) and agronomy (Chtioui et al., 1999; De Wolf and Francl, 2000). The objective of this study is to prospect the feasibility of accurate early prediction tools for wheat yields in Morocco, based on reliable approaches and easily available indices or weather and crop data. Simplicity and understanding are the key criteria used to achieve our objective, as prospected prediction tools will be addressed to decision-makers. The study will focus on wheat, as it is by far the main cultivated and consumed crop in Morocco. The study is arranged in six chapters as follow: Chapter I presents the global approach used in this study to forecast wheat grain yields in Morocco. The approach is pragmatic, based on local experience and judgement. It uses a combination of appropriate methodologies to predict yields accurately and from different point of view. Chapter II prospects different approaches to reduce the vulnerability of Moroccan agriculture to drought risks. This chapter reviews advances in water management and the constraints linked to water use in agriculture. The role of agro-meteorology is particularly stressed, showing the benefit of drought mitigation, crop monitoring and crop prediction modelling on reducing
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country vulnerability to weather variability. In the following chapters, 4 different approaches are presented to predict wheat grain yield in Morocco at both nation and province levels. Chapter III presents an agro-meteorological approach for predicting wheat yield in Morocco at the province and national levels, using Ordinary Least Squares Regressions (OLS) models based only on rainfall information. This approach is original as it adds the spatial information (the Seemingly Unrelated Regression modelling) to improve the prediction made by OLS models. Chapter IV shows the benefit of combining Normalized Difference Vegetation Index (NDVI), rainfall and temperature information to improve wheat yield predictions, using OLS models. The objective of this paper is to test the possibility of early prediction of wheat yields in Morocco by Ordinary Least Squares Regressions, using NDVI/AVHRR, rainfall and temperature as predictors. The analysis will deal with data of the period 1990-2004, and the evaluation will be performed both at the provincial and national levels. It is also checked in how far NDVI can be used as a stand-alone yield predictor. This chapter also shows how to better use the raw NDVI information by means of simple statistics. Chapter V compares two different modelling approaches, Artificial Neural Network analysis and OLS models, in order to predict wheat yield at national level in Morocco, based on NDVI and rainfall information. The superiority of the OLS models is discussed in the particular case of Morocco. Chapter VI presents the new FAO AgroMetShell software that derives agro-climatic indices to support crop forecasting based on soil water balance. AgroMetShell is relatively easy to handle and need very few input weather and crop data. It derives useful indices that are correlated to wheat yields in Morocco. The objective of this chapter is to test whether indices derived from AgroMetShell could be used to monitor wheat yields in Morocco (in two sample provinces), in comparison with NDVI derived from NOAA/AVHRR sensor. This study also expects to give a progress report on the state of the art of agrometeorology at INRA-Morocco. It results from 14 years continuous research experience on wheat-weather modelling, of which 6 years have been shared with Dr. Bernard Tychon (University of Liège, Arlon). The chapters from II to VI are roughly organized as scientific papers to be submitted for publication.



-9-



CHAPTER I



The global approach Taking into consideration the impact of drought on food security in Morocco and the sensitivity of wheat yields to rainfall variability, a first bibliographic study prospects the trategies to reduce the vulnerability of agriculture to drought at various scales (see Chapter II). Several tools are proposed to reduce or mitigate crop production losses due to drought. In the following chapters, the approach for developing decision tools for agricultural drought risk management in Morocco is developped. The used approach consists on using different quality models for the prediction of wheat (Triticum aestivum L.) grain yields in Morocco, using weather and NDVI predictors. Being intended for use by decision-makers, the models were designed to be simple, easy to understand, flexibles, and based on readily available data. The approach was based on several important principles: (1) objectivity in data, avoiding interdependent and correlated weather and vegetation data; (2) multi-scale analysis, as national and provincial models were developed; (3) robustness of the models, as predicted yields were cross-validated; (4) accuracy, as predicted yields should be used to warn farmers of drought; (5) adaptation, as the models are elaborated pragmatically, taking into account which kind of data are easily available and which factors are the most constraining for yields in Morocco; (6) security, as the different models could be concurrently used, and; (7) low costly. The approach consists on predicting yields based on four different methodologies, which depend on data availability: (1) Ordinary Least Squares (OLS) regression models, using only seasonal rainfall as predictor; (2) OLS regression models, using seasonal rainfall, temperature and NDVI as predictors; (3) Artificial Neural Network (ANN) analysis, using Seasonal rainfall and NDVI as predictors and; (4) a water balance model (AgroMetShell), that uses dekadal rainfall and evapotranspiration as inputs. Seasonal rainfall, temperature and NDVI were used, as they display strong associated inter-annual variation with wheat yields in Morocco. These four methodologies were used to progressively improve the predictions, each time taking into account available raw data type (rainfall, temperature, evapotranspiration, vegetation, land cover) and, attempting to benefit best from each methodology. The first methodology relies on OLS regression models and rainfall predictors, as rainfall and wheat yields display strong associated variations in Morocco. The OLS models were built first at provincial level and afterwards at national level, as raw data is available at provincial - 10 -
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level. It was decided to use SUR modeling to improve the OLS predictions, taking advantage from the correlations between models of neighbor province. SUR modeling is a promising tool that was never been used before in agrometeorology to our knowledge. The second methodology still relies on OLS regression models but using new quality predictors (NDVI) besides rainfall and temperature. As for rainfall, NDVI displays a strong associated variation with wheat yields in Morocco. NDVI was used, as it is supposed to be a better representative of the environment, integrating various factors (rainfall, temperature, evapotranspiration, soils and deseases) and well spatially distributed contrarily to rainfall or temperature data, which are provided by dispersed weather stations. The third methodology attempts to use ANN analysis for yield predictions, as it is a semi-automatic and optimization process, which does not depend on any a priori model linking wheat yields to predictors. The objective behind this methodology is to reduce computational efforts and to automate the predictions in a conceivable operational mode. The fourth methodology relies on a simple and new water balance-based model from FAO (AgroMetShell) to derive agroclimatic indices correlated to wheat yields, at the province level in Morocco. The objective of this methodology is to demonstrate the relevance of using soil water balance information, to predict yields at small scales. At the end of the chapters, the used approach and the methodologies are discussed and, improvement perspectives are proposed.
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Prospecting agricultural drought risk management strategies in Morocco Abstract Risk of drought for agriculture in Morocco is increasing due to dual pressure of decreasing and fluctuating precipitations and increasing domestic and industrial needs. This risk has to be managed and considered in every water management scheme in both rainfed and irrigated areas. Due to seasonal variation of the rainfall and its erratic distributions within the season, both irrigated and rain fed areas are subject to drought. Strategies to reduce drought risk in irrigated agriculture include: collect and conserve as much water as possible, minimize water losses and improve water use efficiency. For pasture and forest areas, they include: improve transpiration on the expense of evaporation, by developing pasture and fruit trees ecosystems. For rainfed areas, they include: improve water harvest and storage at farm and parcel levels, conserve moisture in the soil, better use conserved water by using efficient cropping systems, cultivars and cultural practices, and controlling any organism competing for water with the crop (weeds, diseases and pests). Additional public measures may be considered, mainly early warning systems including seasonal forecasting and agro-meteorological prediction tools, to promote investments in dry environments and provide decision-making tools. The adoption of an efficient water use management of rainfall and irrigation (drought risk management system) will allow meeting both objectives of food security and providing more water for non-agricultural needs.



Keywords: Agricultural drought; food security; risk management.
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1. Introduction The word ‘risk’ can be defined as the probable loss due to an unexpected damaging event. It includes two major concepts: hazard or the ‘probability of occurrence of a damaging event in a given period of time” and vulnerability, which expresses “the foreseeable consequences of a damaging event on stakes whether it is human life, health, wealth, or environment’ (Cutter, 1996). Stemming from the definition, there are two major ways of minimizing the risk, either by reducing hazard or by reducing the vulnerability. Ways of minimizing hazards are few and could include artificial rains. Ways of minimizing vulnerability to agricultural drought1 could include development of irrigation facilities, integrated management of water resources, ecosystem development and diversification, education and training of farmers, early warning systems, seasonal climate forecasting and crop insurance. To reduce its vulnerability, Morocco strongly stressed what is often termed as ‘blue water’2 (Falkenmark, 1995), and which constitutes the single source of stored water (29 Km3/year). Morocco has become a leader country in the Mediterranean basin in this respect. Agricultural drought risk management could have a great impact in rainfed areas, which receive an amount of rainfall equivalent to 121 Km3/year, in addition to irrigated lands, which still have an important role to play in limiting water shortage for crop production. The risk related to water shortage in agricultural can be drastically reduced if part of the great quantity of water currently lost by the evaporation process, is remobilized for crop production. In the following, several relevant drought risk management strategies linked to water use will be developed according to the three major ecosystems, i.e. irrigated agriculture, rainfed agriculture, pasture and forest.



2. Strategies in irrigated areas Risk management in water use in Morocco was centered, starting from the beginning of the sixties, on a deliberate policy of building a series of large reservoir dams that provide water for agriculture to ensure food security and access to both energy and drinking water. This policy had certain positive impacts including: regulation and securing water supply for cities and 1 2



Agricultural drought occurs when the rainfall and soil moisture are inadequate to meet the crop water requirements. Fresh water in streams and lakes, in groundwater below the reach of roots and in aquifers. - 13 -



CHAPTER II industry, limitation of flooding risks (in the Gharb, Loukkos, Nekor, Tafilalet areas and the valley of the Oued Ziz), recovery of new areas previously under flood, transfer of water resources from water rich areas to water poor areas, groundwater recharge in arid regions and irregularity mitigation of water regime. Irrigated lands (1.36 million hectares), which represents only 14.6% of the agricultural areas, contribute for 45% to the added value (up to 75% in dry years) and produce nearly 75% of agricultural exports (Bzioui, 2005). The quantity of used water in Morocco accounts for 37.6% (10.9 Km3/year) of renewable water resources3 withdrawal, which is a comfortable situation if compared to Algeria (42%), Tunisia (58%) or Egypt (117%) (Anon., 2003b). These water resources are evaluated on average to 970 m3 per inhabitant per year (Bzioui, 2005) - with regional disparities - threshold corresponding to the water stress level defined by Falkenmark (1986). Agriculture deduces more than 83% of stored water, which is a high quantity if compared to 63% for the entire Mediterranean basin (Anon., 2004a). However, the relative portion of water used for agriculture will have to decline with domestic and industrial water requirements increases. If the demographic growth rate is maintained at its actual level, the mobilized water resources per capita will be, in 2020, about half of those of 1990 with strong disparities between rural and urban worlds (Anon., 2001a). The successive dry years during the eighties and nineties, especially the exceptional dry year of 1995, raised the public awareness on the hazard linked to water shortage. Agricultural policy was about to be reconsidered following the 1995 drought, fortunately saved by the rainy season of 1996. In situations of shortage, water withdrawal in agriculture will be sacrified to the benefit of the domestic and industrial needs. However, there are plenty of possibilities to save water since actual water consumption per hectare in irrigated areas is too high (5500 m3/hectare) comparatively to the water amounts already provided by precipitations. Drought risk management strategy in irrigated agriculture consists on saving water by minimizing losses and improving Water Use Efficiency4 (WUE) in various ways:



3



Long-term average annual flow of surface water and groundwater, computed based on the water cycle. Could be referred to water productivity or ‘crop per drop’ concept that tends to maximize crop production per unit rainfall. 4
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Maximizing water storage capacity of the dams The first apparent way of reducing drought risk is to irrigate. Therefore, irrigation



facilities should be developed. Considerable investments were allocated to increase storage capacity of the dams, from 1.8 Km3, at the independence date in year 1956 to 14.7 Km3 actually (Anon., 2004c). There are 113 large dams allowing a permanent irrigation of 1.36 million hectares in Morocco. Water storage capacity has reached its estimated potential of 16 Km3, according to the normal rainfall regime. In the future, the old dams will have to be replaced and new small dams, with actually 1 Km3 storage capacity, will have to be built. Despite these major advances in water collect and storage, there is still too much to do in maintenance of the water storage capacity and water use management.



•



Extending the life time of dams by controlling erosion in watersheds The lifetime of the existing dams will be shortened if they remain unprotected from soil



erosion at the watershed level. Until year 1988, 700 million m3 storage capacity was lost, and it is appraised that the actual annual loss of 50 million m3 capacity will rise to 150 million m3 about year 2030 if siltation is not confined (Anon., 1995). As a comparison, the storage capacity loss is evaluated at 0.5 to 1% per year in the Mediterranean circumference, whereas it is 2% in Morocco. The dams built before year 1988 would lose 50% storage capacity around year 2050 (Bzioui, 2005). If this happens, 30% of the total storage capacity of all existing dams will be lost, increasing risk of drought.



•



Redistributing water to more needy regions In the future, considerable water transfer schemes should be built in order to supply the



more needy regions of Morocco with water and insure WUE at the country level. In fact, 65% of water resources that could be potentially mobilized are located in the north and the center Atlantic plains. The specific surface flow could be 20 times more important in the Loukkos plain in the north-west (300 000 m3/km2/year) than in the Ziz plain in the south (15000 m3/km2/year). Paradoxically, the irrigation water withdrawal reaches 9000 m3/hectare in the humid Loukkos region which already receives 7000 m3 rainfall/hectare/year, whereas it is only 3200 m3/hectare in a arid region like the Haouz which only receives 3000 m3 rainfall/hectare/year (Moghli et - 15 -



CHAPTER II Benjelloun Touimi, 2000).



•



Promoting efficient irrigation systems Risk of drought in irrigated areas is always present as long as there is risk of water



shortage due to drought. Therefore, measures to better use scarce water will alleviate this risk. Efficient irrigation systems should be used as much as possible. Surface irrigation, which is used in 62% of the areas water managed by farmers, is an example of water wasting irrigation system (Anon., 2000). Almost 30% of the released water from the dams to the farmer’s field are lost along the irrigation schemes, in addition to the losses at the parcel level. Localized irrigation, like modern sprinkler and drip systems are two times and four times more water efficient than surface irrigation, respectively. Localized irrigation is available in only 6.7% of the irrigated areas, which is a low percentage if compared to some Mediterranean countries (17% in Tunisia, 60% in Jordan and close to 100% in Cyprus) (Anon., 2003b).



•



Improving the water management to better take into account crop water requirements Water for irrigation at the regional level must be released according to a schedule that



takes into account both crop water requirements and water supplied by precipitations. Adapted by the chamber of representatives on July 15, 1995, the law 10/95 on water constitutes the legal base of the Moroccan policy water at the watershed level. This law raises the existing structures to River Basin Authorities, which are public organizations endowed with moral personality and financial autonomy. These basin authorities are in charge of promoting and conducting water management at the regional level. From an agronomic point of view, water could be better used in watersheds if delivered to farmers at the right time depending on the soil water balance5. In some irrigated agricultural areas, it is possible to save up to 50% water.



•



Introducing efficient cropping systems Continuous advances in WUE are realized by agronomic research, breeding for drought-



5



Balance calculated by comparing precipitation and inflow with outflow, evapotranspiration, and accumulation. - 16 -



CHAPTER II tolerant crops and improving water conservation technologies. Crop productivity could be significantly increased if water-efficient cultivars and efficient cultural practices are adopted. Crops that consume more water have higher risk of drought than crops that are less consuming. Water-efficient and native species should be promoted and preferred to high-consuming species like tropical crops. For example, alfalfa or sugarcane requires three times more water than wheat (Doorenbos and Pruitt, 1997). In irrigated areas, some farmers produce 9 tons/hectare wheat, whilst others are only reaching 2 tons/hectare. The saved water could be used to improve the crop intensification rate6. A supplement of 200 000 hectares could be irrigated, corresponding to an added value of 1.87 billion Dirhams (180 million euros), if the intensification rate is improved (Moghli and Benjelloun Touimi, 2000). Actually, a parcel is used only 1.1 times whereas it should be 1.3 times at the optimal rate.



3. Strategy in rainfed areas Little attention was devoted to the risk strategy linked to water shortage in rainfed areas in comparison with irrigated areas, resulting in negative impacts on biodiversity, lands, forests and pastures. Strategies for rain fed areas will be different depending on whether pasture, forest or agriculture ecosystems are concerned. Pasture zones account for 30% of the total country area, forests 8% and cultivated areas 13% (Anon., 1999). Despite their large extent, pastures contribute only to 30% of the livestock requirements due to inappropriate management (overgrazing, overexploitation, loss of 65 000 hectares per year). Forests, which play an important role in biodiversity and water storage, are in fast decline (31 000 hectares per year) due to the pressure of complex causes, mainly overexploitation, overgrazing and urbanization (Anon., 2005c). The reforestation rate7 is too low (8%) if compared to the minimum of 15 à 20% required to achieve ecological stability. Rainfed agriculture, with 90% of the land contributes 55% to the agricultural GDP, and should be better considered since it is more vulnerable to drought comparatively to irrigated agriculture. Natural biodiversity could contribute more to food security. For example, argan-tree (Argania spinosa) forest remains under exploited, the European olive (Olea europaea) can be used to produce olive oil, the wild pistachio-tree can be transformed into edible pistachiotree, and the productivity of the carob-tree (Ceratonia siliqua) could be multiplied by two. 6 7



Ratio of the area effectively irrigated on the area equiped for irrigation. Forest area as % of total land area. - 17 -



CHAPTER II Some farmer’s cultural practices already rely on an empirical drought risk management strategy aiming at a stable production. However, this strategy is somewhat inefficient as it is based on a ‘minimum input - minimum output’ rule that does not involve too much investment: labour force composed essentially of family members, soil tillage following the first significant precipitations8, low fertilizer and herbicide applications, weeds use for livestock feed, seed re-use from previous harvest, diversification of farm incomes, non-farm income, integrated croplivestock systems, fallow used to transfer water between seasons, etc. Consequently, in rainy seasons, this strategy fails to exteriorize the natural potential production of the environments and hence reduces the long term average yield (Boughlala et al., 1994).



•



Strategy for pastures and forests The strategy for pastures and forests should promote plant transpiration in place of



evaporation, increasing forest, grassland, tree and fruit-tree cover, and also improving plant cover productivity in protected woodlands. Pastures and forests could in instance modify microclimates toward more humidity and also reduce greenhouse CO2 gas. Forests play a major role in regulating water flow, reducing soil erosion and in biodiversity conservation. Actually, 80% of the precipitations, which represents 121 Km3 water per year, are evapotranspirated and, it is expected that this percentage will increase as temperature will probably rise by 0.7 to 1°C around year 2020, as a result of climate change (Bennani et al., 2001). The portion of water that is not evapotranspirated, which represents an amount of 29 Km3/year, could be better used by crops if the soil water infiltration and storage are improved. This is possible using different techniques that promote soil cover, water harvesting, soil conservation and water efficient crops.



•



Strategy in rainfed agriculture The strategy in rainfed agriculture should be based on sustainability more crop production



per unit rainfall using aridoculture9 approach. As drought is becoming predominant, every rainfall drop should be used, using three main actions: maximizing the collect of rainfall, 8 9



Arbitrary amount of precipitations that falls in the start of the season and permits easy tillage of the soil. Cultural practices that rely only on precipitations and soil humidity to meet crop water requirements. - 18 -



CHAPTER II minimizing soil water losses and efficiently using water.



Improving rainfall storage Many soil water collect and storage techniques are available for direct use at the farm level, including: (1) water collect at the farm level during the rainy season in order to be used during the dry periods; (2) re-direction of floods to be used into the parcels for inside soil storage; (3) runoff reduction in sloppy lands by means of soil stabilization, slope-perpendicular tillage and water harvesting; (4) early sowing which permits to profit by the whole rainy season; (5) soil water transfer to the next season using appropriate rotations; and (6) improvement of the organic matter content in the soil in order to increase Water Holding Capacity.



Minimizing soil water losses The collected and stored water should be conserved as much as possible for crop requirements, using various techniques: (1) reduction of soil evaporation at farm level, by planting windshields or at the parcel level, by mulching; (2) water conservation using no-till systems (Mrabet, 2002; Mrabet, 2000). These systems could win back until 100 mm water comparatively to conventional tillage; (3) water conservation using low-consumption species, particularly native species that are naturally adapted to arid environments (fig-tree, pistachio-tree, argan-tree, olive-tree, pomegranate, medics, etc.); (4) weeding, as weeds are naturally adapted to their environments and are then highly competitive for water at the expense of the crop.



Water use efficiency Conserved water must finally be utmost used using various WUE improvement techniques: The reduction of bared soils, exposed to drying, by plant covering; The use of low water consumption varieties and water efficient varieties, particularly early and diseases-resistant varieties; The use of chemical and organic integrated fertilization; In semi-arid areas phosphorus, which improve root production, should be applied at sowing whereas nitrogen, which improve - 19 -



CHAPTER II dry matter production, should be managed depending on rainfall. Optimal fertilizer application should take into account initial soil fertility. Fertilizers consumption in Morocco was one of the highest in Africa in 1999 (327 800 tons) followed by Egypt (1187650 tons), but is relatively limited if compared to some European countries with similar climate, such as Spain (2 314 000 tons) or Italy (1 772 000 tons) (Anon., 2001b); The supplemental irrigation10; According to the Moroccan experience, 30 to 60 mm water applied to wheat at tillering could improve yields by 61% in semi-arid areas (Boutfirass and El Mourid, 1992); The diseases and pests control, to reduce plant water loss and hence significant yield drop. In particular, Hessian fly (Mayetiola destructor, Say) can cause wheat yield reductions of 42% in some Moroccan provinces (Amri et al., 1992). Septoria (Septoria tritici) can induce losses of 20% or more in high rainfall environments. Yellow rust causes great damage near the mountains when February is relatively cold and moist. Leaf rust (Puccinia recondita), while occurring every year all over the country does not inflect big damages to the crop (Jlibene et al., 2003).



4. Decision support tools at national level •



Seasonal climate forecasting Seasonal climate forecasting rose as an important tool in Morocco after the successive



drought years that started in the beginning of the Eighties. Passive acceptance of climate variability and associated impacts should shift to active response to a climate forecast (Hammer and Nicholls, 1996). However, realizing these opportunities is not straightforward as forecasting skills are imperfect and approaches to applying the existing expertise to management issues have not been developed and tested extensively (Hammer et al., 2001). Many studies tried to understand drought phenomenon and its impacts on crops and water supply. In Morocco, the North Atlantic Oscillation (NAO) is the main general circulation feature associated with the rainfall variability and the concurrent state of NAO is inversely related to precipitations. Some reduction in the rainfall regimes during the eighties and nineties were related to the extremes of NAO (Baddour and Djellouli, 2003; Hurrell and van Loon, 1997; Knippertz et al., 2003). The 10



Technique which consists of applying a limited amount of water to the crop, when rainfall fails to provide sufficient water for plant growth, in order to increase and stabilize yields. - 20 -



CHAPTER II relationship is in fact due to the major role played by the AZORES high pressure. Knippertz et al. (2003) found in simulation studies decreasing precipitations and potentially serious impacts for the future water supply for parts of Morocco due to greenhouse gas emissions. However, it is not clear if these changes are just part of natural variability or an indication of climate change. In Morocco, arid and semi-arid areas are the most sensitive to climate change, particularly those located in the south and in the east, which are exposed to a low and erratic rainfall (Bullock and Le Houerou, 1996; Gleick, 1992) and the mountainous areas, which are in an advanced degradation (Parish and Funnell, 1999). Morocco initiated since year 1994 a long-term seasonal forecasting program to predict precipitations based on to climatic models, ALMOUBARAK3 et ALMASIFA3, and on large scale phenomena like the Sea Surface Temperature (SST), NAO and El Niño Southern Oscillation (ENSO). The main objective of this program, which is still in progress, is to help decision-makers mitigating drought.



•



Agro-meteorological crop yield prediction models Few published studies were interested in crop prediction models and drought mitigation in



Morocco, except in the technical reports of the ministry of agriculture. Two main approaches attempt to understand the crop response to climate, at the scientific research level: conceptual simulation modelling and empirical modelling which often use regression models. Agrometeorological simulation models are still at the experimental step at the international level and still do not enable operational predictions (Decrem et al., 2002; Landau et al., 1998). Most of simulation models were developed in developed countries and in Europe particularly. In these countries, yields are mainly dependant on technical factors (mechanization, fertilization, varieties, etc.) more than on climatic factors as they vary little from year to year. In Morocco, rainfall variability is too high comparatively to technical factors that could affect yields, facilitating empirical crop-weather modelling. The empirical approach is relatively easy to develop, low costing and need few data inputs comparatively to conceptual simulation modelling. This approach was used to assess drought impacts on crop production (Barakate and Handoufe, 1998; Yacoubi et al., 1998) and natural resources (Bahir et al., 2002; El Jihad, 2003), particularly during the successive drought events between years 1980 and 2000. Recently, Jlibene et al. (2003) attempted to predict cereal yields in the Meknès province (in the center of Morocco) with relative success using regression modelling. The developments of the information technologies - 21 -



CHAPTER II (satellite imagery, Global Positioning Systems11 and Geographic Information Systems12) inaugurate new perspectives for empirical crop yield modelling and drought warning. Satellite imagery was used beginning in the Eighties to forecast vegetation and monitor drought (Hayas and Decker, 1996; Kogan, 2000a; Kogan, 1997; Kogan, 1995; Liu and Kogan, 1996; Unganai and Kogan, 1998). In morocco, a short evaluation has shown strong correlations between regional yields and Normalized Difference Vegetation Index (NDVI) from Advanced Very High Resolution Radiometer (AVHRR) (Kogan, 2000b). NDVI information permits the spatial interpolation of crop yields, which is not possible using rainfall-based empirical models, as the weather stations network is sparse in Morocco (1 weather station per 1000 km2 vs. 10 in Europe; Anon., 2004a). Operational yield prediction models could help Moroccan producers and policymakers to make early decisions and plan well in advances for annual imports in case of drought, reducing vulnerability to food shortage.



•



Drought early warning systems13 Drought early warning systems could help decision-makers and farmers taking



appropriate decisions to mitigate well in advance drought. Thanks to early information, decisionmakers could warn well in advance the farmers for yields failing-down. Such systems are available at the international level (GIEWS14, FEWS15, etc.) or at the regional level (AGRHYMET16 – EWS). Depending on data availability, each country could develop its own system according to the FAO approach (Gommes, 1997). This approach aim to optimize the combination of several kinds of data: punctual (meteorological data) or continuous (satellite data), historical or in-time data, seeking for the best yield forecasting (Tychon et al., 2002). Crop models play a major role in these systems. Such monitoring systems are almost never available at the farm level in Morocco. The information acquired at national or international level is seldom transmitted to farmers for their personal use. Early warning systems do still not exist in Morocco essentially due to the lack of drought indicators and crop prediction models. 11



Constellation of 24 well-spaced satellites that orbit the Earth and make it possible for people with ground receivers to pinpoint their geographic location. 12 A computer application used to store, view, and analyze geographical information, especially maps. 13 Systems designed to warn drought and take appropriate protection measures. 14 Global Information and Early Warning System of FAO. 15 Famine Early Warning System of USAID. 16 Research Center for Agriculture, Hydrology and Meteorology. - 22 -
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5. Conclusion Agricultural drought risk management in Morocco is an imperative, as agriculture will cede part of collected water resources for the benefit of increasing domestic and industrial needs. The risk notion should be included in every water management policy. For this purpose, a national drought risk management strategy with an integrated approach between all stakeholders involved in agriculture (ministries, agronomic research institutes, universities, NGOs, etc.), should be implemented in order to promote investment and to provide tools for decision-making in the objective of food security. Several risk management tools already exist at the local and national levels and could be promoted and extended at large scale to farmers. Other decision tools at the national level, like drought early warning, crop monitoring systems and yield prediction systems should be developed. These tools would help mitigating drought, improving actual Moroccan drought insurance program, and taking in advance appropriate measures to warn populations and plan for recurrent annual imports. Scientific research in the field of agrometeorology could play a major role in conceiving and developing these new decision tools.
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Use of seemingly unrelated regression models to improve least squares prediction of wheat grain yields in Morocco based on rainfall data Abstract Empirical Ordinary Least Squares (OLS) regressions were used to predict wheat (Triticum aestivum L.) grain yields at province level and Seemingly Unrelated Regressions (SUR) were used to improve these predictions. A set of 23 provinces in the country and corresponding yield and rainfall data from 1988 to 2004 were used. Yield and rainfall series were homogeneous for the studied period, with no evidence of trend and change point respectively. Moving sums of dekadal (10 days) rainfall for 2 until 9 consecutive dekads (180 variables in total) were used as candidate explanatory variables. OLS regressions were calibrated for each province by stepwise regression using less than 7 explanatory variables. Rainfall explained between 24 to 99% of inter-annual yield variation depending on provinces and more than 70% of the variation was explained for 20 provinces to 23. Grain yield was predicted by 17.3% error relatively to observed yield using only one OLS model for the pooled 23 provinces. The predicted error was only 11.1% when all the 23 OLS models were taken into account. The predicted error depends on province and can range from 67 kg.ha-1 to 595 kg.ha-1. The relation between observed and predicted yields for the 23 provinces during 1988-2004 period was improved form R2=64.2%*** when provinces were pooled to R2=90.7%*** when each of all the 23 OLS models were considered. Six SUR models, each grouping two provinces, could be determined for a subset of 12 provinces. Other provinces were not correlated or, correlated but not located in similar agro-ecological environments. These 12 provinces accounted for 73.2% of the predicted error using OLS models and 62.4% of the observed grain production in the 23 studied provinces from 1988 to 2004. SUR models improved standard deviations for all the 12 OLS models. SUR models improved R2 between observed and predicted grain yields in 11 provinces to 12. However, SUR models decreased predicted error for only 8 provinces to 12. The relation between observed and predicted yields was improved to R2=91.3%*** when using SUR models and, the predicted error decreased to 10.9%. The predictions can be achieved starting from March to May depending on the geographic location of the provinces and in May for the overall pooled 23 provinces. The models used are promising and could be applied for predicting wheat grain yields in Morocco using rainfall data.



Keywords: Wheat; Modelling; Prediction; Rainfall; Morocco.
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1. Objective The objective of this study is to evaluate whether it is possible to predict wheat (Triticum aestivum L.) grain yields for 23 provinces of Morocco with empirical OLS models using rainfall data as explanatory variables and if SUR models could improve the predictions.



2. Material and methods 2.1. Datasets Wheat and rainfall datasets were collected respectively from the Economic Services of the Ministry of Agriculture and from the National Meteorology Direction. Wheat grain production and planted areas were available at the province level starting from 1978-1979 to 2003-2004 seasons (Fig. 4). These datasets are compiled from sub-province sample surveys and released in official documents as provincial averages. Provincial yields (kg.ha-1) are not explicitly mentioned, but can be easily derived by division of the productions (kg) with the cultivated areas (ha-1). Rainfall data were collected from synoptic meteorological stations, one station in each province. Rainfall data were available at provincial level as dekadal sums starting from 19871988 to 2003-2004. Wheat and rainfall data are not classified along the same administrative schemes in the 2 databases, and then 23 provinces where found conjointly, among a total of 33. Hence, 17 seasons from 1987-88 to 2003-2004 that were conjointly present in the two dataset were kept for the regressions. However, longer time series for 1903-2004 period were available for monthly or annual rainfall but for only 15 provinces. These long time series were used as a sample to study the heterogeneity of the rainfall time series.



2.2. Homogeneity of rainfall time series Homogeneity of seasonal (September to May: this is the rainy season in Morocco) rainfall time series was tested to check for stationarity of used data, i.e. that the mean rainfall doesn’t change over time. A fundamental assumption in model building is that the behavior of the phenomena to be studied is stationary or invariant over time. If the stationarity assumption is violated then the statistical inferences based on classical regression methods are, in general, invalid. Three different tests have been used to check for heterogeneities in the series due to lack
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CHAPTER III of well established procedure in the literature, and also because sometimes different tests lead to non concordant results. Homogeneity of rainfall time series was tested using Mann and Pettitt test (Pettitt, 1979), Buishand test (1982) and Lee and Heghinian test (Lee and Heghinian, 1977). Tests were conducted for 15 meteorological stations and for which continuous long-term records are available. The available time series cover at least 53 years but not the same period of time for all the stations.



2.3. Homogeneity of yield time trend Time trend for wheat yield was tested for the 1988 to 2004 period to check for technology improvement that could induce a confounded effect with rainfall. Yields were regressed on time: Ŷ=T0+Tb (Ŷ =estimated yield; T0 = start of the time series; T=1988 to 2004; b=slope) and slope significance was used to test for trend. A trend in yield time series could be indicated by a slope different from zero and a positive slope indicates improvement in use of technology.



2.4. Ordinary Least Squares models Ordinary Least Squares (OLS) models were calibrated by regression, one for each of the 23 provinces and using 17 years of grain yields and rainfall as explanatory variables for the normal growing period of cereals in Morocco (September to May). A set of 180 initial candidate explanatory variables was calculated by summing all consecutive dekads, starting from 2 dekads until 9 dekads, in order to include maximum possible combinations of seasonal rainfall. The subset of explanatory variables that best explain wheat grain yield was selected, for each OLS model, using Stepwise selection method with α=5% probability significance levels for variable entry and stay in the model. Traditionally, stepwise regression has been widely used since it requires little computing power, and is easy to understand and implement. The probability significance thresholds for entry and stay of candidate predictors in the model were both set to α=5%. However, models with even high R² in this calibration step, do not necessarily have high predictive power. Therefore, in a second “validation” step, the selected regression equations were tested in more depth using leave-one-out (LOO) cross-validation. This technique verifies the replicability of results and checks the prediction performance of a model for “new” years, which were not considered in the calibration step. In practice, for the validation of a given model (with
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CHAPTER III fixed X-predictors, selected by the stepwise regression), the LOO was implemented as follows: remove one year from the database, fit the regression with the same X-predictors and the data of the remaining years, use the found equation to estimate the yield of the withdrawn year, and define that year’s error (estimated minus true yield Y). When this procedure is repeated for all the years (i=1 to n), an independent error estimate can be obtained in absolute or relative terms: n



Absolute error=



∑ Yˆi − Yi i =1



n



n



(kg.ha-1)



Relative error=



∑ i =1



Yˆi − Yi Yi n



These LOO-derived criteria provide independent estimates of the predictive power of the selected models. In the same way, one can also derive an independent Rp²-value. The p-suffix is added to distinguish Rp² from the less stringent R²-value, found in the calibration. These sums of the consecutive dekads are expressed in mm, and symbolized by combining the startdate (month + dekad) with the end date. The months are represented with the following characters: s=September, o=October, n=November, d=December, j=January, f=February, m=March, a=April, y=May. For example: o1o2 represents the rainfall sum over the first two dekads of October, n1d3 the sum from begin November until the end of December, and m2y3 from mid March until the end of May.



2.5. Seemingly Unrelated Regression models Formulation The ordinary regressions model is in the form:



y = bO + x p b p + e and in matrix notation: ⎡ y1 ⎤ ⎡1 ⎢ y ⎥ ⎢1 ⎢ 2⎥ ⎢ ⎢ y 3 ⎥ ⎢1 ⎢ ⎥ ⎢ ⎢. ⎥ = ⎢. ⎢. ⎥ ⎢. ⎢ ⎥ ⎢ ⎢. ⎥ ⎢. ⎢ y ⎥ ⎢1 ⎣ n ⎦ ⎢⎣



x11



x12



x 21



x 22



x31



x32



x n1



xn 2



... x1 p ⎤ ⎥ ... x 2 p ⎥ ... x3 p ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ... x np ⎥ ⎦



⎡bO ⎤ ⎡e1 ⎤ ⎢ ⎥ ⎢ ⎥ ⎢b1 ⎥ ⎢e2 ⎥ ⎢b2 ⎥ ⎢e3 ⎥ ⎢ ⎥ ⎢ ⎥ ⎢. ⎥ + ⎢. ⎥ ⎢. ⎥ ⎢. ⎥ ⎢ ⎥ ⎢ ⎥ ⎢. ⎥ ⎢. ⎥ ⎢b ⎥ ⎢e ⎥ ⎣ p⎦ ⎣ n⎦
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CHAPTER III where n is the number of years in the time series, y are the observed yields, x are the explanatory variables, b are the p coefficients of correlation and e are the residual errors. Consider now the following m different regression equations, each for one province: YM = X M β M + ε M



(M=1, …, m)



(1)



where YM is the MN x 1 (N=1, …, n) vector of dependent variables yn, XM is a MN x P (P=1, …, p) full column rank matrix of non-stochastic independent variables xp, βM is the P x 1 vector of



regression coefficients bp, and εM is the MN x 1 stochastic vector of the residual errors e. The Seemingly Unrelated Regression (SUR) model allows the formulation of all the m regression equations (1) simultaneously in one model and it can be viewed as a matrix of matrices: ⎡Y1 ⎤ ⎡ X 1 0 0 ⎢Y ⎥ ⎢0 X2 0 ⎢ 2 ⎥ ⎢ ⎢Y3 ⎥ ⎢0 0 X3 ⎢ ⎥ ⎢ ⎢. ⎥ = ⎢. ⎢. ⎥ ⎢. ⎢ ⎥ ⎢ ⎢. ⎥ ⎢. ⎢Y ⎥ ⎢0 0 0 ⎣ M⎦ ⎣



0⎤ ... 0 ⎥⎥ ... 0⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ... X M ⎥⎦ ...



⎡ β1 ⎤ ⎢β ⎥ ⎢ 2 ⎥ ⎢β 3 ⎥ ⎢ ⎥ ⎢. ⎥ + ⎢. ⎥ ⎢ ⎥ ⎢. ⎥ ⎢β ⎥ ⎣ M⎦



⎡ε 1 ⎤ ⎢ε ⎥ ⎢ 2 ⎥ ⎢ε 3 ⎥ ⎢ ⎥ ⎢. ⎥ ⎢. ⎥ ⎢ ⎥ ⎢. ⎥ ⎢ε ⎥ ⎣ M⎦



(2)



The usual error structure for the classical linear regression formulation for M= 1, …, m is: E[εM] = 0,



E[εM εM’] = σM2 IN



where IN is the identity matrix. If the errors across equations are contemporaneously correlated, i.e. the errors of each unit are correlated within the same time period but not across time periods: E[εti εtj’] = σij and E[εti εt’j’] = 0 when t ≠ t’



then we have: ⎡σ 211 I N σ 12 I N ... σ 1M I N ⎤ ⎢ ⎥ 2 ⎢σ 21 I N σ 2 I N ... σ 2 M I N ⎥ ⎢ . ⎥ ⎥ = Σ ⊗ IN E[ε m ε ' m ] = ⎢ ⎢ . ⎥ ⎢ . ⎥ ⎢ ⎥ ⎢⎣σ M 1 I N σ M 2 I N ... σ 2 MM I N ⎥⎦



where Σ is a symmetric M*M matrix. If Σ is known, parameter estimates can be obtained by using the SUR estimator:
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CHAPTER III βˆ SUR = [X ' (Σ −1 ⊗ I N ) X ] X (Σ −1 ⊗ I N )Y −1



(3)



⎛ σ 11 ( X '1 X 2) σ 12 ( X '1 X 2) ... σ 1M ( X '1 X M ) ⎞ ⎜ ⎟ ⎜ σ 21 ( X '1 X 2 ) σ 22 ( X '1 X 2 ) ... σ 2 M ( X '1X 2) ⎟ ⎜. ⎟ ⎟ =⎜ ⎜. ⎟ ⎜ ⎟ . ⎜ ⎟ ⎜ σ ( X '1X 2) σ ( X '1X 2) ... σ ( X '1X 2) ⎟ ⎝ M1 ⎠ M2 MM



−1



⎛ X '1 (Σσ 1 j yj ) ⎞ ⎜ ⎟ ⎜ X ' 2 (Σσ 2 j yj ) ⎟ ⎜ ⎟ ⎜. ⎟ ⎜. ⎟ ⎜ ⎟ ⎜. ⎟ ⎜ X ' (Σσ yj ) ⎟ Mj ⎝ M ⎠



SUR method is equivalent to OLS estimation method in two cases: 1. If errors across equations are contemporaneously non correlated σij = 0 (for i ≠ j) which implies that matrix of equation (2) is diagonal



2. If the independent variables in all equations are the same: (X1 = X2 = … = XM) In these two cases, it can be shown that SUR estimator ( βˆ SUR ) is equal to the OLS estimator ( βˆOLS ) of the regression parameters:



βˆ SUR = ( X ' X ) −1 X ' y = βˆOLS



⎛ ( X '1 X 1 ) −1 X '1 y1 ⎞ ⎟ ⎜ ⎜ ( X ' 2 X 2 ) −1 X ' 2 y 2 ⎟ ⎟ ⎜ ⎟ =⎜ ⎟ ⎜ ⎟ ⎜ ⎟ ⎜ ⎜ ( X ' X ) −1 X ' y ⎟ 1 1⎠ M M ⎝



To get a clear idea of SUR estimator process, consider the special case where M = 2, with:



⎛ βˆ ⎞ ⎛b ⎞ βˆOLS ≡ ⎜⎜ 1 ⎟⎟ and βˆSUR ≡ ⎜ 1 ⎟ ⎜ βˆ ⎟ ⎝ b2 ⎠ ⎝ 2⎠ Calculus leads to the equations



(



⎛ σ 21 ⎞ ⎟⎟ ( X '1 X 1 ) X '1 y 2 − X ' 2 βˆ2 σ ⎝ 22 ⎠



βˆ1 = b1 − ⎜⎜



(



)



⎛ σ 12 ⎞ ⎟⎟ ( X ' 2 X 2 ) X ' 2 y1 − X '1 βˆ1 σ ⎝ 11 ⎠



βˆ 2 = b2 − ⎜⎜



)



Hence, the SUR models can be viewed as an “adjustment” of OLS models, where the adjustment involves the regression of the SUR residuals from the other equations on the explanatory
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variables from each equation. The power of the SUR model comes from the fact that, for each individual observation i, there are M dependent variables yi1, ..., yij, ..., yiM available. In practice, Σ is unknown and, for this case, it can be showed that feasible SUR (FSUR) parameters are in the form:



[



βˆ FSUR = X ' (Σˆ −1 ⊗ I N ) X



]



−1



X (Σˆ −1 ⊗ I N )Y



where for two equations i and j,



[ ]



Σˆ ≡ σˆ ij and



σˆ ij ≡



(



)(



' 1 Yi − X i βˆi Y j − X j βˆ j N



)



Related OLS models used for SUR modelling



Related OLS models that were grouped into SUR models were selected using pairwise OLS residual error correlations criterion. We used the Pearson Product Moment Correlation r (rho) statistic (Steel and Torrie, 1980): N



r=



∑(X i =1



N



∑(X i =1



i



− X )(Yi − Y ) N



i



− X ) 2 ∑ (Yi − Y ) 2 i =1



where: i=1, …, N observations, X and Y are the residual errors of two OLS models calibrated respectively in two provinces. The statistical significance of r is tested using a t-test: H0: rho=0 and only OLS models with positive correlated residuals errors at probability significance level α≤0.05 were grouped into SUR models. This approach differs from the one used by Kamarianakis (2003) which used inverse of squared distance between regions as exogenous variables to group OLS models in the purpose of explaining productivity inequalities in Europe. In our case, the distance between provinces is not a good indicator to group OLS models due to the particular geography of Morocco. For example, Meknes and Ifrane provinces are situated at 70 km linear distance (Fig. 4) but have 1300 meters elevation difference. Oujda and Errachidia provinces are at 360km linear distance but located beyond the Atlas chains, in a similar arid zone.
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3. Results 3.1. Homogeneity of rainfall time series



Rainfall time series was stationary in all the 15 provinces for the period after year 1980 as confirmed by the three homogeneity tests together. Change points were detected before 1988 at different dates, depending on provinces, and change point was not detected in 7 provinces (Table 1). The oldest change point was detected in year 1942 at Settat and the last one around year 1980 in 3 provinces (Meknes, Fes and Oujda). Mean annual rainfall decreased substantially about 151, 82 and 151 mm after year 1980 in Meknes, Fes and Oujda respectively. Inter-annual rainfall variation was very high in all provinces as indicated by coefficients of variation (C.V.) that range from 58% in Ouarzazate to 25% in Fes (Table 2). In addition, large inter-provincial variation exists in Morocco with mean rainfall varying from the north (770 mm at Tangier) to the south (91 mm at Ouarzazate). However, change point did not occur during the time series used for analysis (1988-2004).



3.2. Homogeneity of yield time trend



Wheat grain yields time series was stationary between 1988 and 2004 in all provinces except at Ouarzazate where trend was negative (Table 2). All slope parameters were not significantly different from zero, as indicated by the probability significance of the slopes except in Ouarzazate where the slope is negative. This latter province is an arid area (91 mm), where wheat cannot be grown without irrigation supply. The negative slope may indicate a decrease in water availability over time. In other provinces, impact of improved technologies may be there but masked by the large inter-annual rainfall variation. Inter-annual yield variation was high in all provinces with coefficients of variation ranging from 73.9% in Rabat to 22.4% in Larache. Mean yields were low in all provinces during 1988-2004 period and range from 1,964 kg.ha-1 in Errachidia to 550 kg.ha-1 in Essaouira. Yields were relatively high in Errachidia despite the aridity of the climate (109 mm) because crops are mainly irrigated in this province. Absence of yield trend in most provinces in the time used series, is fortunate, because there will be no confounded effect of time with that of rainfall.
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CHAPTER III 3.3. OLS models



OLS models explaining wheat grain yield variability using moving sums of dekadal rainfall were calibrated for 23 provinces of Morocco using 17 years of observations (1988-2004). These 23 provinces cover all agricultural areas of Morocco (Fig. 4) and accounted in average for 76.1% of national wheat production for the last 17 years as calculated from the database. All the 23 models had high and significant coefficients of determination except for Errachidia province where R2=24%* (Table 3). Moving sums of dekadal rainfall explained between 24 to 99% of inter-annual yield variation depending on provinces and more than 70% of the variation was explained for 20 of the 23 provinces. The first two explanatory variables of the calibrated OLS models alone explained between 53 and 88% of the grain yield variability depending on provinces except for Errachidia. All the explanatory variables in the OLS models were significant at least at α=0.05 probability level. Moving sums of dekadal rainfall explained 79.2% of grain yield variability when pooling all the 23 provinces together in a one regression equation. Yield variability was explained mainly by rainfall in the start of the season in autumn (n1d1, R2=44%***), the end of winter (f1m1, R2=29%***) and the remaining was explained by rainfall in the start of winter (d3j2, R2=8%*). Grain yield was predicted with 17.3% (216 kg.ha-1) error using only one OLS model for the pooled 23 provinces (Fig. 5) whereas it was predicted with only 11.1% (119 kg.ha-1) prediction error when all the 23 OLS models were taken into account (Fig. 6). Predicted error depends on province and can range from 67 kg.ha-1 in Essaouira to 595 kg.ha-1 in Rabat (Table 4). In addition, year 1995, which was exceptionally dry (200 mm in average for all the 23 provinces), accounted for 20.7% of the predicted error for the overall 23 provinces. The predictions can be achieved starting from the end of March for the plains and plateaus between the Atlantic coast and the Atlas chains, the end of April in the arid areas and at the end of May in irrigated and high rainfall areas (Fig. 7). The relation between observed and predicted yields for the 23 provinces during 1988-2004 period was improved form R2=64.2%*** when provinces were pooled (Fig. 5) to R2=90.7%*** when all the 23 OLS models were considered (Fig. 6). In these two cases, the regression line between observed and predicted yields had slope and intercept non-significantly different from 1 and 0 respectively indicating a good agreement. Prediction errors were relatively low if compared to the average observed grain yield (1,404 kg.ha-1) and to the high coefficient of variation (34.7%) of observed yields from year to year. - 32 -
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Province by province analysis shows that the contribution of an OLS model in a province to the total predicted error depends on the relative importance of its cultivated area. It is possible to classify OLS models according to both their contributions to the total predicted error and to the total grain production in order to select best ‘added value’ models that need to be improved (Table 4). For example, OLS model of Tangier contributes to only 0.1% of the total predicted error whereas OLS model of Kenitra to the third (32.0%). It is clear that OLS model of Kenitra, having an R2=74%***, must be improved because this province contributes to an important part of total predicted error and to 26.2% of total grain production. Predicted error in Kenitra is relatively high because this province accounts for the greatest part (14.3%) of wheat cultivated areas if compared to the other provinces during 1988-2004 period and also because it is irrigated. Also, it is not pressing to improve OLS model of Errachidia (R2=24%) because this province contribute to only 1.1% of the total predicted error and to 0.9% of total grain production. Rabat has the most unstable OLS model despite an R2=74%*** because its error increases the most from estimation (434 kg.ha-1) to prediction (595 kg.ha-1). OLS models for El Jadida, Beni Mellal and Settat can be viewed as the best OLS models because they have high R2 (96, 96 and 98%), low absolute estimated (88, 86 and 99 kg.ha-1) and predicted (135, 163 and 158 kg.ha-1) errors, small difference between estimated and predicted errors (47, 77 and 59 kg.ha-1) and contribute few (2.9, 8.6 and 6.2%) to the total predicted error but to an important part (6.0, 17.6, 8.8%) of the total grain production relatively to other provinces.



3.4. SUR models



Six SUR models, each grouping two provinces, could be determined for a subset of 12 provinces because of found significant (α≤0.05) residual error correlations and agro-ecological similarities. No more than two provinces could be grouped because all pairwise correlations were not found significant for three or more provinces together. Other provinces were not correlated or, correlated but not located in similar agro-ecological environments. The six SUR models grouped two by two Fes and Taza, Casablanca and Kenitra, Settat and El Jadida, Safi and Marrakech, Oujda and Errachidia, and Tetouan and Nador provinces (Table 5). These 12 provinces accounted for 73.2% of the predicted error using OLS models and 62.4% of the observed grain production in the 23 studied provinces from 1988 to 2004. SUR models improved standard deviations for all the 12 OLS models (Table 5). SUR models improved yield predictions - 33 -
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in 11 provinces to 12 as indicated by coefficients of determination (Table 6). In addition, SUR models reduced predicted error for 8 provinces to 12. Hence, the relation between rainfall and yield increased in 11 provinces to 12 using SUR models except for Casablanca where both predicted error and R2 were not improved. However, it was not possible to improve the relation between observed and predicted yields at a significant level in Errachida (R2=16% ns). The relation between observed and predicted yields increased for the 23 provinces to R2=91.3%*** (Fig. 8) when combining the 11 regression models (except Casablanca) found by SUR modelling (Table 5) and the other OLS models for the other provinces (Table 3). The predicted error decreased from 11.1% (119 kg.ha-1) to 10.9% (115 kg.ha-1) when OLS and SUR models were combined. In term of grain production, it corresponds to an improvement of the predicted error from 126,492 to 121,802 tons at the level of the 23 provinces.



4. Discussion In Morocco, the North Atlantic Oscillation (NAO) is the main general circulation feature associated with the rainfall variability and the concurrent state of NAO is inversely related to precipitations. The relationship is in fact due to the major role played by the AZORES high pressure. It is not clear if these changes are just part of natural variability or an indication of climate change. Knippertz et al. (2003) found in simulation studies decreasing precipitations and potentially serious impacts for the future water supply for parts of Morocco due to greenhouse gas emissions. Our results are in agreement with Hurrell and Van Loon (1997) who found particular dry periods from 1981 to 1994 comparatively to 1951-1980 due to NAO anomalies over southern Europe and the Mediterranean. The shift in rainfall series was also observed starting from the seventies in West and Central Africa but with a higher frequency in the NorthWest of this region (Paturel et al., 1998). Coefficients of variation (C.V.) were found increasing from the south to the north, but most of the studied provinces are located in Atlantic coast of Morocco and Hulme (1992) found increasing C.V. from the Atlantic coast to the Sahara in the East for the case of Morocco. Most of the yield variation was explained by moving sums of decadal rainfall in all provinces except for Errachidia (R2=24%*). However, this province accounts for less than 1% of national production (Table 4). Errachidia is situated in the very dry Southeast of Morocco, with
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109mm average rainfall, where crops are mainly irrigated and yields do not depend strongly on rainfall. The part of remaining unexplained variation for all the 22 other models should be due to uncertainty in rainfall (only one synoptic station per province) and wheat data (province average conditions in term of soils, diseases, terrain, varieties, etc.). In particular, Hessian fly (Mayetiola destructor, Say) could cause about 42% reduction in wheat yield in some provinces of Morocco (Amri et al., 1992). Septoria (Septoria tritici) induces losses of 20%, or more in high rainfall environments. Yellow rust causes great damage in some years near the mountains when temperatures during the month of February drop bellow normal in a moist season. Leaf rust, while occurring every year all over the country does not inflect big damages to the crop (Jlibene et al., 2003). Other factors like temperature, soil and cultural practices (technical progress) are somewhat fixed and vary relatively little compared to diseases. Hot wind from east and southeast can however occur during grain filling causing grain shriveling. The start of the season in autumn (n1d1, R2=44%***) and the end of winter (f1m1, R2=29%***) predetermine yield variation when all the 23 provinces are pooled together in one regression equation. Rainfall distribution shows a bimodal distribution, one peak in the fallwinter filling soil reserves and allowing establishment of the crop, and the other in the spring allowing dry matter accumulation. Wheat seems to have evolved to fit this distribution. Moving sums of dekadal rainfall are good explanatory variables for wheat grain yields variation in Morocco for two main reasons: (1) moving sums take into account seasonal distribution of rainfall, which is not the case for total annual rainfall, and (2) rainfall variability is much higher than other factors that could affect yield, like temperature or evapotranspiration. In fact, correlations between yields and total annual rainfall (not shown) were low and not significant except for Agadir (R2=54%***) and wheat is of spring type, not needing vernalization, and is sown in autumn and harvested in the end of spring season. Cool temperatures in early phase of plant establishment may be advantageous in situation of early drought, forcing plants to reduce their growth and therefore evapotranspiration. In the case of Settat province, the three months January, February and March were found determinant for yield, explaining 73% of its interannual variability. Our results differ from previous results (Yacoubi et al., 1998) finding significant effect of October, November and December drought spells on yields in Settat for a former time period (1910-1995). Difference in results are probably due to the fact that these
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authors selected a time period containing the change point (year 1980) in rainfall as shown in our study. Grain yield predictions can be achieved starting from March to May depending on provinces and following the climatic gradient in Morocco from the North-West to the Southeast. The predictions can start first in March in the plains and plateaus, in April in the arid areas and in May in the high rainfall and irrigated areas (Fig. 7). Grain yield was predicted with relatively high error 17.3% (216 kg.ha-1) when all the 23 provinces were pooled together in one OLS model. The error was reduced to 11.1% when taking into account all the 23 OLS models. Using the latter approach, it was found a high relation (R2=90.7%***) between observed and predicted yields for the 23 provinces during 1988-2004 period. As a comparison, Landau et al. (2000) and Decrem et al. (2002) found lower relations between observed and predicted yields respectively for England (r=0.77) and for Belgium (R2=69%) for lower year to year variation of observed yields (C.V.=17% and 4% respectively). Large part of the predicted error in most of the studied provinces is due to year 1995 which was historically abnormally dry in Morocco, with less impact in the higher elevations and the Atlantic coastline. OLS model predicted error varies from one province to another depending on R2. However, the impact of the error in one province on the total error of all the 23 provinces will depend on the relative importance of its cultivated areas. For example, the wide province of Kenitra which contributes to 26.2% to the total production will affect much more (32.0%) the total error than Essaouira or Tetouan (0.3%) which contributes each to only 0.4% of the total production. Hence, OLS models that much contribute to the total predicted error must be improved for the future. SUR models improved yield predictions leading to R2=91.3%*** between observed and predicted yields for the 23 studied provinces using six SUR models for 12 provinces. The R2 improvement was relatively low because not all the 23 provinces could be correlated, mainly due to unconsidered neighbor provinces in this study from the total number of 33 provinces in Morocco. The inclusion of the remaining 10 provinces would permit to increase the residual error correlations and hence increase the number of SUR models. It was shown that, even with this limited number of provinces, the approach increase yield predictions when no other explanatory variable is available. Rainfall explained most of the yield variation in the set of 23 provinces but
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the proposed models could not permit to avoid the departure of the predictions from observed yields for the particular dry year 1995. Addition of other explanatory variables, not necessarily limited to meteorology, could better predict yields. Possible other explanatory variables and ways to develop suitable models were discussed in Jlibene et al. (2003).



5. Conclusion This study evaluated whether it is possible to predict wheat grain production in 23 provinces of Morocco with empirical regression models using rainfall data as explanatory variables. Moving sums of dekadal rainfall explained between 24 to 99% of inter-annual yield variation depending on provinces and more than 70% of the variation was explained for 20 provinces to 23. It was shown that grain yield is predicted by 17.3% (216 kg.ha-1) error using one OLS model for the pooled 23 provinces. The predicted error was reduced to 11.1% (119 kg.ha-1) when taking into account all the 23 OLS models. The predicted error depends on province and can range from 67 kg.ha-1 to 595 kg.ha-1 showing that other explanatory variables than rainfall should affect yields for some provinces. The relation between observed and predicted yields in the 23 provinces during 1988-2004 period was improved form R2=64.2%*** when provinces were pooled to R2=90.7%*** when all the 23 OLS models were considered. The contribution of each province to the total predicted error of the 23 provinces is described, indicating future improvement needs. It was also shown that SUR models improved yield predictions provided that pairwise residual error correlations are significant. Six SUR models, each grouping two provinces, could be determined for a subset of 12 provinces because of found significant (α≤0.05) residual error correlations and agro-ecological similarities. These 12 provinces accounted for 73.2% of the predicted error and 62.4% of the observed grain production in the 23 studied provinces using OLS models from 1988 to 2004. SUR models improved standard deviations of the parameters for all the 12 OLS models. SUR models improved R2 between observed and predicted grain yields in 11 provinces to 12 and improved predicted error for eight provinces to 12. The relation between observed and predicted yields was improved to R2=91.3%*** for the 23 provinces when SUR models were used, and predicted error decreased to 10.9% (115 kg.ha-1). The models used are promising and could be applied for early and low cost prediction of wheat grain yields in Morocco. The predictions can be achieved starting from March to May depending on the geographic location of the provinces and in May for the overall pooled 23 provinces. - 37 -
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Empirical regression models using NDVI, rainfall and temperature data for the early prediction of wheat grain yields in Morocco Abstract Empirical Ordinary Least Squares regression models are proposed to forecast the wheat (Triticum aestivum L.) grain yields at provincial and national levels. The predictions were based on dekadal (10-daily) NDVI/AVHRR, dekadal rainfall sums and average monthly air temperatures. The global land cover map GLC2000 was used to select only the NDVI pixels that are related to agricultural land. Provincial wheat yields were assessed with errors varying from 80 to 762 kg.ha-1, depending on the province. At national level, wheat yield was predicted at the third dekad of April with 73 kg.ha-1 error, using NDVI and rainfall. However, earlier forecasts are possible, starting from the second dekad of March with 84 kg.ha-1 error. At the province and country levels most of the yield variation was accounted for by NDVI. The proposed models can be used in an operational context to forecast wheat yields in Morocco. Keywords: Forecasting; AVHRR; GLC2000; Decision tool.
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1. Objective The objective of this paper is to test the possibility to do an early prediction wheat (Triticum aestivum L.) grain yields in Morocco by Ordinary Least Squares Regressions, using NDVI/AVHRR, rainfall and temperature as predictors. The analysis will deal with data of the period 1990-2004, and the evaluation will be performed both at the provincial and national levels. It is also checked in how far NDVI can be used as a stand-alone yield predictor.



2. Data Sets over Morocco 2.1. Wheat: official statistics and growth cycle



Historical wheat statistics were acquired from the Economic Services of the Ministry of Agriculture (see chapter III). Fig. 9 shows the evolution of the average wheat grain yield in Morocco. The positive trend, visible for the period 1961-1990, disappeared after 1990 (start of this study), to make place for more accidented year-to year fluctuations. Fig. 10 shows the normal growth cycle of wheat in Morocco, in relation with temperature and rainfall. Crop growth is adapted to fit the bimodal rainfall distribution. The first peak in autumn-winter fills the soil moisture reserves and allows establishment of the crop. Sowing actually takes place between September and December, depending on the precocity of first significant precipitations in autumn. Harvest starts around May in the South and continues until June for the Northern regions, as temperatures rise first in the South.



2.2. Meteorological information: rainfall and temperature



The weather data for the concerned period 1990-2004 were obtained from the National Meteorology Direction. After elimination of missing values, two time series remained for the analysis at the provincial level: monthly temperatures for 17 stations/provinces, and dekadal (10daily) rainfall sums for 23 stations/provinces (including the 17 ones above). The 23 remaining provinces cover most agro-ecological zones of Morocco (Fig. 4) and account for 64% of the national wheat grain production as calculated from the official statistics data set.
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For the analysis at national level, no representative temperature information was available, and only the overall, dekadal rainfall sums were used, averaged over 31 weather stations. The concerned 31 provinces (all except Figuig and Guelmim) are representative for the country as a whole, as they deliver 98.5% of the national wheat production (according to official statistics of the period 1990-2004).



2.3. Remote sensing information: NDVI/AVHRR



The MARS-STAT unit of the EC Joint Research Centre (JRC) at Ispra, Italy, collects and processes all NOAA-AVHRR scenes, registered over the pan-European continent since 1989. To this goal, a dedicated software was developed called SpacePC, which applies all standard operations on the raw scenes: calibration, atmospheric correction, cloud masking, geometric resampling towards a map system with 1 km resolution1, addition of NDVI, and compositing to dekadal syntheses using the Maximum NDVI criterion (Royer and Genovese, 2004). The individual reflectances2 in the RED and NIR bands (Near InfraRed3) are not only influenced by vegetation density but also by differences in solar elevation4, viewing angle, terrain exposition, reflectance of the soil background, etc. These variations are irrelevant for vegetation monitoring, but can be eliminated to a large extent by computation of the NDVI (Normalized Difference Vegetation Index - Rouse et al., 1974): NDVI =



NIR − RED (-) NIR + RED



NDVI/AVHRR steadily increases with vegetation density from 0.15 for bare soils to about 0.75 for full green canopies. As shown in Fig. 11, the “Pan-European” region of interest of the MARS-project reaches in southwestern direction until the point with Longitude=15°W / Latitude=28°N, and hence covers most of the non-deserted areas of Morocco. The MARS-STAT unit of JRC provided extracts of the Moroccan window for all dekadal images of NDVI/AVHRR from 1990 until 2004 (15 years x 36 dekads/year). Visual inspection pointed out that a number of scenes suffered from



1



The degree to which nearly equal values of a quantity can be discriminated. Reflectance is a measurement of a surface's capacity to reflect incident energy. 3 Region of the electromagnetic spectrum extending from about 0.75 µm to around 3 µm. 4 The angle subtended between solar rays and the Earth's surface. 2
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poor quality, due to bad geometric correction and/or cloud detection. To reduce the workload, only the 9 dekads in the months February-April were considered, as they represent the main growth period for wheat in Morocco. In this way, 3 of the 15 years had to be skipped (1991, 1993, 2004), because of lacking NDVI data in this crucial period. By superimposing the administrative boundaries over the 1 km-resolution NDVI-rasters5, median provincial and national NDVI-values were computed for each dekad. In this computation, only the pixels covered by cropland were accounted for (Fig. 11). The differentiation with the non-agricultural land use was based on the map “Global Land Cover 2000 for Africa” (GLC2000 version 5.0, Mayaux et al., 2004), which also has a 1 km resolution. In the GLC2000, the agricultural parts are defined as areas with over 50% cultures and/or pastures.



3. Methods 3.1. Combined and extended databases



All information was compiled in a number of databases: one per province and one with the national values. In each database, the lines contain the “raw” data for each year (1990-2004): the official yield, the NDVI-values for the 9 dekads from February till April, the dekadal rainfall sums and monthly temperature means for all dekads/months in the relevant period (SeptemberMay). As mentioned, the analysis is slightly hampered by missing values. Provincial databases are only available for 23 of the 33 wheat growing provinces. The temperature information lacks for 6 of these 23 provinces and for the national level. NDVI-data is missing for 3 of the 15 years. In the following step, the wheat grain yields (dependent Y-variable) will be regressed on NDVI, rainfall and temperature (X-predictors). However, the dekadal or monthly time step of the explanatory variables does not necessarily give the highest correlations and most likely, better results can be obtained when the data are first integrated over more relevant periods. For this reason, the databases were adapted and the following three sets of candidate X-predictors were defined: ƒ



The sum of the NDVI-values over the 9 dekads in the months February to April. This value will further be indicated as ΣNDVI (potential range: 1.35 to 6.75).



5



Raster data represents geographic space as a matrix of cells. - 41 -
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The rainfall sums for all possible groups of (at least 2, at most 11) consecutive dekads within the wheat growing period September to May (see chapter III).



ƒ



The mean air temperatures (in degrees Celsius) for all possible groups of consecutive months in the period from January to May. For example, t02 and t02t04 respectively indicate the mean temperatures in February and in the period from February to April. All these variables were added to the provincial and national databases, which raised the



number of candidate explanatory variables to 262.



3.2. Ordinary Least Squares Regression models



Each of the databases (23 provinces, the nation) was analyzed separately by means of Ordinary Least Squares regression techniques (OLS). In a first “calibration” step, the subset of explanatory variables (262 in total) which best explained wheat grain yield was defined using an automatic stepwise selection method (see chapter III). In the background, three more diagnostic tools were used for model evaluation: multicollinearity6 among explanatory variables was detected with the Variance Inflation Factor (Kutner et al., 2005); preference was given to regression models with low “shrinkage” (difference between R2 and Rp2); and all models were rejected if the regression line between predicted and observed yields differed significantly from the diagonal (intercept=0, slope=1).



4. Results The regression approach was first applied separately on the databases of the 23 considered provinces. The results are summarized in table 7 and appear quite positive, with generally high R²/Rp²-values. From the wide range of candidate X-predictors, the stepwise regression always retained at most 3 significant ones (ΣNDVI, and/or 1-3 rainfall periods, and/or 1 temperature period). Their relative importance can be judged via the partial R²-values, which are tabulated as well. Fig. 12 shows the true vs. predicted yield scattergrams for two provinces: Meknès and Settat. The R²/Rp²-values of table 7 are repeated in table 8, together with each province’s relative importance for Moroccan wheat production and contribution in the overall estimation error. 6



The presence of high correlations between explanatory variables in a multiple regression.
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Important wheat producers (Kenitra, Beni Mellal, Meknès, Settat,…) should have good regression models and relatively low error contributions, while less stringent demands can be put on the other provinces. In a side-analysis, the question was raised to what extent ΣNDVI is related to rainfall and temperature. Therefore, the same regression technique was performed but with ΣNDVI as dependent Y-variable. The results are shown in table 9. Here too, the stepwise regression always retained at most 3 significant X-predictors. Yield estimates are most often requested for the national level. As outlined in Fig. 12, two solutions exist. One can either take the mean of the provincial estimates (Fig. 12c), accepting that (in this case) they only represent 64% of Moroccan wheat production. Alternatively, the regression can directly be implemented on the national database (Fig. 12d), which minimizes the workload (no need for provincial data sets). So far, all results related to ‘near-harvest predictions’, which are (potentially) based on all the data collected over the entire growing season. Table 10 shows the results of some ‘early season forecasts’, holding for the national level and starting from mid-March onwards. These forecasts are only based on the limited information available before the prediction date.



5. Discussion 5.1. Yield prediction for the 23 provinces



At the level of the 23 provinces (table 7), all regression models had highly significant R²values ranging from 72 to 98%, except for Ouarzazate (R2=64%**) and Errachidia (R2=0%) where grain yield was weakly or not correlated to any of the explanatory variables. As mentioned, the model performances should be judged against each province’s relative importance for wheat production. Table 8 indicates that both provinces together account for less than 3% of the national production. They are located in the very dry South-East of Morocco (100 mm annual rainfall), where crops are mainly irrigated and yields do not depend strongly on rainfall. On the other hand, for all important provinces (Kenitra, Beni Mellal, Meknès, Settat,…) highly significant yield regression models were obtained with evident practical use.
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The nature of the explanatory variables selected by the stepwise regression can be judged by inspection of the partial R²-values in table 7, and varies in a geographical sense. Apparently ΣNDVI is by far the most important predictor, especially in the rainfed areas (13 provinces on



23), while rainfall and temperature are more important in arid, high rainfall and/or irrigated areas (6 provinces on 23). In fact, we found that ΣNDVI explained most of the grain yield variability for 69.4 % of the total production (table 8). Of the two weather variables, rainfall appears most relevant, as it acts as a significant factor in all the studied provinces. This confirms, at a wider scale, the strong relation between rainfall and cereal yields found by Yacoubi et al. (1998) for Settat province. An important merit of the stepwise regression approach is that the selected rainfall periods are distinct and non-overlapping. Air temperature only played an important role in two northern high rainfall areas (partial R2(t02)=74%*** for Tetouan, R2(t05)=21%*** for Tangier), and to a far lesser extent for some central and sub-humid areas of the country (R2(t04)=6%** for Taza, R2(t03t04)=5%** for Meknès). But whereas ΣNDVI and rainfall always had a positive impact on yield (with early rain in El Hoceima as sole exception), the influence of temperature, whenever significant, is always negative (see the sign of the regression coefficients in table 7). This agrees with the observations by Bakker et al. (2005) for many countries of Europe. High temperatures may increase evaporation rate, fasten the development rate and shorten the growing period, which in turn reduce the final yield.



5.3. Variation of ΣNDVI in function of rainfall and temperature



Table 9 shows the results of the side-analysis where ΣNDVI was regressed against the weather data. For a number of provinces along the Northwestern coast, no such relationship could be found (Tetouan, Tangier, Larache, Kenitra, El Jadida, also Rabat). But elsewhere ΣNDVI often appeared to contain already most of the information on weather and, particularly on rainfall. ΣNDVI variability is mainly explained by rainfall in autumn-winter, but this influence is



manifested earlier in the season for drier zones. The impact of rainfall is the highest in the central belt (Safi, Settat, Khouribga, Fes, Nador - all with partial R²(rainfall)≥80%) but against expectations, it seems to decrease slightly towards the drier zones in the southwest (R²(rainfall) around 60% for Agadir, Ouarzazate, Errachidia and Oujda). Due to the masking with the
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GLC2000 map7, this observation only holds for the cropland. For the natural vegetation, one would rather expect a higher correlation between ΣNDVI and rainfall for these drier provinces. Compared to rainfall, air temperature only plays a secondary role in the explanation of ΣNDVI variability in Morocco. It was only significant for a few provinces, with rather low partial R²values (R2(t03)=26%* for Meknès, 25%** for Ouarzazate, 23%* for Taza). While for the grain yields, the temperature impact is always negative (or unexisting), high temperatures mostly give rise to higher ΣNDVI (except for the arid province of Ouarzazate).



5.4. Yield prediction at national level: 2 approaches



Nation-level yield estimates can be obtained by averaging the outcomes of the provincial regression models. According to Fig. 12c this approach gives excellent results. The correspondence between predicted and observed yields is highly significant (R2p=97%***) without obvious outliers. Independent validation shows that the overall error amounts to 55 kg.ha-1 (or 4.5% in relative terms). When applied on Morocco’s mean annual wheat production of 2 335 kTons, the same relative error of 4.5% corresponds to 23 kTons of grain. However attractive, the method has two drawbacks: the elaboration of data sets and fine-tuning of regression models for so many provinces involves a lot of work and, unavoidable missing data can lead to problems of representativity. For instance, the considered provinces only accounted for 64% of Moroccan wheat production. Nevertheless, we assumed their combined yield estimates were representative for the nation as a whole. Hence, the regression approach was also implemented on the “national database” with the simple mean/median values for the nation as a whole (national official yields, mean dekadal rainfall from 31 weather stations, median ΣNDVI for all cropland pixels). This national database is readily extracted, less sensitive to missing values, and requests only one regression analysis. In this study, it represented 98.5% of Moroccan wheat grain production. The results of this alternative analysis are presented in Fig. 12d. Of course, when compared to the more detailed, province-based analysis (Fig. 12c), the errors do increase, but only in a moderate way (from 55 to 73 kg.ha-1, i.e. from 4.5 to 6.8%). The advantages of simplicity and representativity, probably compensate the minor loss in precision. 7



Global Land Cover classification for the year 2000. - 45 -



CHAPTER IV 5.5. Early season yield forecasting at national level



Table 10 deals with the feasibility of the regression approach for early season forecasting of wheat grain yields at national scale. The results hold for the direct application on the national database (similar results could be obtained for the more cumbersome province-based analysis). Different forecast scenarios were tried out, from mid-March until early May, but always using only the data available from before the forecast date. Table 10 learns that the reliability of the forecasts is very high, even for the earliest dates (R²p≥92%***). Just like the final post-harvest estimation (not shown), all these forecasts are based on three explanatory variables: rainfall in autumn, ΣNDVI (from early February to just before the forecast date) and rainfall in winterspring. However, whereas the relative contribution of autumn rainfall stayed almost invariant (partial R² around 5%), the importance of winter-spring rainfall gradually decreased (from 28% in mid-March to 6% in early May) in favor of ΣNDVI (66% to 85%). Although the differences are small, the forecast of April 21 can be considered as the “best choice” (model 5, see also Fig. 12d). Given the growing impact of ΣNDVI, we finally tested the reliability of the early May forecasts, with and without rainfall data (models 6 and 7 in table 10). Omission of rainfall eliminates the burdens of meteorological data processing, but using only the remotely sensed ΣNDVI causes the yield estimation error to increase from 82 to 165 kg.ha-1 (7.4% to 14.6%).



This relative error of 14.6% (in validation mode) is comparable with the 11.4% error (in calibration mode) achieved by Genovese et al. (2001) for wheat yield forecasting in southern Spain with a similar NDVI-based index.



5.6. Unexplained yield variance



Whereas the three considered predictors (NDVI/AVHRR, rainfall, temperature – all integrated over specific periods) explain the bulk of the variability in Moroccan wheat grain yield, the remaining ‘unexplained variance’ must be due to a plethora of other factors, mainly errors in the basic inputs (official statistics, weather and remote sensing data) and effects not covered by the regression models. Diseases like Hessian fly (Mayetiola destructor, Say) can cause wheat yield reductions of 42% in some Moroccan provinces (Amri et al., 1992). Septoria (Septoria tritici) can induce losses of 20% or more in high rainfall environments. Yellow rust causes great damage near the mountains when February is relatively cold and moist. Hot winds
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from the east and southeast, when occurring during the grain filling, can also cause grain shriveling. Factors like temperature and soil are somewhat fixed and vary relatively little compared to diseases. However, although all these factors are not explicitly included in the regression models, it might be argued they are partly accounted for via the NDVI (or ΣNDVI) which reflects the state of the vegetation.



6. Conclusions This study presented a number of models for the assessment of wheat grain yields in Morocco. Being intended for use by decision-makers, the tools were designed to be simple, easy to understand, and based on readily available data and long-established methodologies. Wheat grain yield could be predicted with high accuracy using empirical regression models and information on weather (rainfall and temperature), vegetation (NDVI) and land cover (GLC2000). The NDVI-imagery registered by the earth observation system NOAA-AVHRR was enhanced in advance in three ways: use of 10-daily NDVI composites, computation of the median of the cropland pixels per province, and temporal integration by summing the provincial values over important growing stages (ΣNDVI). At the provincial level, wheat yields could be assessed with errors varying from 80 to 762 -1



kg.ha , depending on the region. Early season forecasts made around April 21 and based on NDVI and rainfall, retrieved national wheat yields with 73 kg.ha-1 error. The proposed national models appeared robust, as the R²-shrinkage between calibrations and validations remained low for all forecasting dates (from March 21 until May 1). In fact, the well contrasted seasons of the last 15 years gave the opportunity to build regression models with a wide application range, counter-balancing as well the lack of long term time series. Among the used predictors, NDVI was by far the most important predictor affecting yields in Morocco, especially in rainfed areas, while rainfall and temperature appeared more significant in arid, high rainfall and/or irrigated areas. In the meantime, the same approach was also applied successfully for the prediction of the yields of two other important cereals in Morocco: durum wheat and barley. Most probably, the method can easily be implemented as well in other countries with similar climate.
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Wheat grain yield forecasting in Morocco using multiple linear regression models and Artificial Neural Networks based on NDVI and rainfall Abstract Artificial Neural Networks (ANN) seems to have a great potential as they can theoretically deal with linear or even non-linear relations for various levels of complexity, without any a priori assumption regarding the processes involved. In this chapter wheat (Triticum aestivum L.) grain yield forecasting using ANN were compared to those using multiple linear regression models based on NDVI and rainfall information at country level in Morocco. Multiple linear regression models performed better that ANN analysis for wheat grain yield forecasting in Morocco, using NDVI and rainfall information. National wheat grain yields could be forecast with 73 and 94 kg.ha-1 errors in validation at the second dekad of April, respectively for regression and ANN.



Keywords: Forecasting; Decision tool.
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1. Objective The objective of this study is to compare wheat (Triticum aestivum L.) grain yield forecasting using neural networks technique and multiple linear regression models based on NDVI and rainfall information at country level in Morocco.



2. Material and methods 2.1. Official statistics on wheat and Meteorological information and Remote Sensing Information



Historical wheat statistics, meteorological (rainfall and temperature) and Remote Sensing Information (NDVI/AVHRR) information collected for chapter IV were used.



2.2. Regression analysis



Regression analysis was performed by means of the Ordinary Least Square (OLS) estimation method (see chapter III). The subset of explanatory variables (231 in total) which best explained wheat grain yield was defined using an automatic stepwise selection procedure.



2.3. Neural Network analysis



Neural network analysis was performed with STATISTICA Neural Networks (release 4.0) software in a multilayer feed forward neural network, called multilayer perceptron (MLP), using back-propagation training algorithm. The back-propagation algorithm is the most practical and commonly used model for neural networks. In back-propagation, the weights are adjusted to minimize the squared of the difference between the model output and actual output for an observation in the data set. The squared error is then propagated backwards through the network and is used to adjust the weights and biases until it converges to a minimum value. Two MLP architectures have been used, constituted respectively by one and two hidden layers. Every neuron in the input layer sends its output to every neuron in the hidden layer, and every neuron in the hidden layer sends its output to every neuron in the output layer (Fig. 13). In the two cases (one and two hidden layers) of MLP, the transfer between the input layer (rainfall
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and ΣNDVI predictors) and the hidden layer and between the two hidden layers was realised through a logistic activation function, which is the most commonly used function. The role of this arbitrary logistic function is to approximate possible non linear relationship that could arise between the predictors and the predicted variable. Logistic function: f ( x) =



1 1 + e −x



[0,1]



The transfer between the hidden layer and the single output (predicted variable: wheat yield) was realised through a linear activation function. During the training processes, the number of neurons in each hidden layer was automatically optimized by STATISTICA software, at each time a year was dropped from the dataset for cross validation. During the training process, two observations were randomly kept for verification in order to avoid overfitting. Artificial Neural network (ANN) with no hidden layer architecture has not been used as it is analogue to a multiple linear regression model. When hidden layer is not considered, the difference between ANN and regression analysis is that multiple linear regression has a closed form solution while the neural network uses an iterative process. Contrarily to the regression approach, the ANN does not reveal the functional form of the relation between the predictors and the predicted variable. As the ANN does not assume any functional form between the predictors and the predicted variable, it is particularly interesting in case of highly non linear relationships, for which regression analysis is difficult to perform (Warner and Misra, 1996). However, a disadvantage of the neural network analysis is that it does not permit to select best predictors from a set potential explanatory variables. For this reason, the best predictors have been taken from our previous undertaken multiple linear regression analysis, as recommended by a previous study (Addison et al., 2004). A LOO cross validation was also performed, as for linear regression analysis, using one-off observation from the 1990-2004 dataset and, in the same way Rp2 and error have been calculated.



3. Results and discussion Six models were calibrated and validated for national wheat grain yield forecasting in agricultural land of Morocco, using multiple linear regression (Table 11). The best wheat grain
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yield prediction was obtained at the second dekad of April (model 5), by a regression model containing three explanatory variables: (1) ΣNDVI from 1st dekad of February to the 2d dekad of April, (2) total rainfall from the 3rd dekad of September to the 3rd dekad of November (s3n3) and, (3) total rainfall from 3rd dekad of January to the 2d dekad of April (j3a2). Model 5 explained 98% of the yield variability in Morocco with the lowest error (73 kg.ha-1) and shrinkage (i.e. difference between R2=98% and Rp2=96%). Extreme Annual errors of this best model 5 were -7.8 kg.ha-1 in 2000 and +188 kg.ha-1 in 1999. It was also possible to predict grain yield one month before, at the 2d dekad of March using model 2, while accepting an error of 79 kg.ha-1 (7.7%). The relative contribution of autumn rainfall (from September to December) to the 6 proposed models stayed almost invariant for all the forecasting dekads. On the other hand, the relative contribution of winter-spring rainfall decreased gradually the later the predictions were made (from R2=28% for model 1 to R2=6% for model 6) because ΣNDVI contained more and more rainfall information. The predictors found in multiple linear regressions (seasonal rainfall and ΣNDVI) were used as input for ANN analysis, using two architectures with 1 and 2 hidden layers. ANN gave in general lower errors using 2 hidden layers, except for model 6. With 2 hidden layers, the error was less than 160 kg.ha-1 for all the dekads (table 11). However, ANN performed less that multiple linear regression, except for model 6 where the 1 hidden ANN architecture predicted yield with a lower error. For the regression analysis, a multiple linear model was imposed to the data, while in ANN analysis the data defined the architecture (number of neurons and hidden layers). This is the main reason why multiple linear regressions performed better than ANN. In fact, wheat grain yield varied the most starting from year 1980 (Fig. 9), as indicated by FAO database (Anon., 2005b). For example, the coefficient of variation of wheat yields increased from 23 to 37% between the 1960-1980 and 1981-2004 periods. In addition, extremely contrasted rainfall distributions were met from year 1980 (Knipertz et al., 2003). These well contrasted seasons were an advantage for multiple linear regression modelling but a disadvantage for ANN analysis. In general, better regression models could be obtained when predicted variable and predictors vary strongly together, whereas extreme variation could affect ANN as noisy observations, especially when the number of hidden layers and neurons increases (overfitting) and when database is relatively short (in our case, 15 years observations from 1990 to 2004). In fact, year-to-year variation of the error was lower for the regression models than for ANN with 2 - 51 -
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hidden layers, varying between 7.8 to 242 kg.ha-1 and between 0.1 to 561 kg.ha-1, respectively. Previous authors found that the regression is superior (Warner and Misra, 1996) or equivalent to ANN (De Wolf and Francl, 2000) when all the assumptions are met, the model is correctly specified, and the functional relationship is known. Also, ANN performed better than linear regression when the relation between the predictors and the predicted variable is non linear (Chakraborty et al., 2004; Coulibaly et al., 2001; Tam et al., 2002) or when the variable to predict is categorical (Chtioui et al., 1999; Paliouras and Jessen, 1999). In our case, The linear model was justified as there is no reason to consider that the relation between ΣNDVI (the main predictor) and wheat yield was not linear (R2=84%***) (Fig. 14). The predictors (seasonal rainfall and ΣNDVI) that best explained wheat were selected using automatic stepwise method during the multiple linear regression analysis. These selected predictors were then used as inputs for the ANN analysis. While this approached is recommended in the literature (Addison et al., 2004) because ANN does not have the possibility to select best predictors, it contains however a serious constraint. In fact, the stepwise selection method will automatically keep only predictors that are roughly linearly related to the wheat yield and, then ANN will not have the opportunity to perform better than regression analysis.



4. Conclusion Multiple linear regression models performed better that ANN analysis for wheat grain yield forecasting in Morocco, using NDVI and rainfall information. The first reason was that the assumption of a linear model was appropriate, as indicated by the pattern of the relation between the predictors and the variable to predict. The second reason was the time series used was too short for ANN analysis, in respect to the high year-to-year variation of NDVI, rainfall and yields. National wheat grain yields could be forecast with 73 and 94 kg.ha-1 errors at the second dekad of April, respectively for regression and ANN. ΣNDVI (sum of median dekadal NDVI) was found to be a good predictor for wheat yield in Morocco. The addition of seasonal rainfall to ΣNDVI predicted most of the variation of grain yield.
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Investigation of new agro-climatic indices in Morocco derived from AgroMetShell software Abstract Agro-climatic indices are simple and useful tools for vegetation monitoring, crop yield assessment and forecasting. Three indices (Water Surplus Deficit, Water Requirement Satisfaction Index and Soil Water Storage) derived from AgroMetShell, a new agrometeorological model developed by FAO, were tested in Morocco using climate and wheat (Triticum aestivum L.) grain yield database for the 1991-2004 time period. Two sample provinces, Meknès and Safi, located respectively in a sub-humid and a semi-arid agro-ecological zone were considered assuming 4 levels of soil Water Holding Capacity (50, 100, 150 and 200mm). A fourth and new index was added to the evaluation, which was calculated as the integration of the Water Surplus Deficit index over dekads from the start of season in November. Amongst the 4 indices, the Soil Water Storage (SWS) and the Water Requirement Satisfaction Index (WRSI) were the most correlated to wheat grain yield at the dekad level, respectively in Meknès (maximum R2=82% at 1st dekad of March) and Safi (maximum R2=67% at 1st dekad of April). AgroMetShell performance was also compared to the Normalized Difference Vegetation Index (NDVI) provided by NOAA-AVHRR. The 4 AgroMetShell indices were better correlated to yield than NDVI in Meknès, contrarily to Safi where NDVI was the best index. Regression models for predicting wheat yield at the province level were determined based on AgroMetShell and NDVI indices. Models combining AgroMetshell and NDVI explained 79% (330 kg.ha-1 error) and 92% (110 kg.ha-1 error) of wheat yield variability respectively in Meknès and Safi, assuming 150mm WHC, even if most of grain yield variability was accounted by NDVI in Safi. AgroMetShell seems to be an interesting tool in Morocco for wheat monitoring when no NDVI information is available in a sub-humid province such as Meknès.



Keywords: wheat; agro-climatic indices; NDVI.



- 53 -



CHAPTER VI



1. Objective The objective of this study is to test whether indices derived from AgroMetShell could be used to monitor wheat (Triticum aestivum L.) grain yields in Morocco (in two sample provinces), in comparison with NDVI derived from NOAA/AVHRR sensor.



2. Material and Methods 2.1. Studied provinces



Two provinces, Meknès and Safi, were considered in this study as a sample of a subhumid and semi-arid zones in Morocco, respectively. Mean annual rainfall during the 1991-2004 time period was 453mm and 380mm in Meknès and Safi, respectively. Cereals are the predominant cultivated crops (and mainly rainfed) in theses two provinces and wheat represents 9.1 and 4.1% of national production during the 1991-2004 time period, respectively in Meknès and Safi (as calculated from the available wheat database).



2.2. AgroMetShell software



Three main indices calculated by AgroMetShell (AMS) and related to crop performance have been used in this study: The Water Surplus Deficit (WSD), the Water Requirement Satisfaction Index (WRSI) and the Soil Water Storage (SWS). WSD (in mm) represents the surplus or the deficit compared to available water in the soil. WSD can be positive, negative or zero. The surplus (positive) and the deficit (negative) occur when the water balance exceeds WHC (drainage) or empty WHC (soil water content below wilting point), respectively. When water balance is between drainage and wilting point then WSD is set to zero by AMS, whatever the amount of water in the WHC is. WRSI is the percentage of the crop water requirements that has actually been met during the growing season (from November to May in Morocco for wheat). It is calculated as the ratio of seasonal actual evapotranspiration (AET) to the seasonal crop water requirement (WR, also called maximum evapotranspiration):
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WRSI =



AET × 100 (%) WR



(1)



WR must be calculated from the Penman-FAO ET0 (Smith, 1991; Allen et al., 1998) using the crop coefficient (Kc) to adjust for the different growth stages of a crop. Crop coefficient, Kc, has been introduced to separate the climatic demand from the plant response and it depends on the dynamics of canopies (cover fraction, LAI, greenness).



WR = ETo × Kc (mm)



(2)



Soil Water Storage, SWS, is the soil water content obtained through a simple mass balance equation where the level of soil water is monitored in a bucket defined by the Water Holding Capacity (WHC) of the soil and the crop root. Due to the weak knowledge of this WHC, several values were selected, respectively 50, 100, 150 and 200mm for the two studied provinces, Meknès and Safi, and were compared in a sensitivity analysis. (3)



SWSi = SWSi-1 + PPi - AETi



where PP is precipitation, and i is the time step. The crop data needed by AMS are: Kc, start-of-season time and end-of-season time. The default Kc set for wheat in AMS has been used (Fig. 15). Start-of-season time and end-of-season time have been set for the two provinces to first dekad of November and last dekad of May, respectively, according to normal growing season.



2.3. Weather database



The required weather database needed by AMS was compiled from three different source databases (table 12). Each of these three databases contains an incomplete set of parameters (rainfall, air temperature or ET0) or time series for AMS. All needed parameters by AMS (rainfall and ET0) were directly available in the Center for Ocean-Land-Atmosphere Studies database but only for the 1990-1995 time period. Daily ET0 is not included in the two other databases
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(National Meteorology Direction and TuTiempo.net). It has to be calculated for the remaining period (1996-2004) using Penman-FAO equation based on climatic data available in TuTiempo.net database (daily air temperature, relative humidity, wind speed and mean sea level pressure). Comparisons between the 3 source datasets were run on data available for the same period in 2 or 3 datasets and showed excellent agreement.



2.4. Wheat and NDVI data



Historical wheat data were taken from the Economic Services of the Ministry of Agriculture (see chapter III). NDVI/AVHRR data collected for chapter IV was used.



2.5. Methodology Performance of AgroMetShell software



The performance of AMS have been tested by correlating wheat grain yields to dekadal NDVI, WSD, ΣWSD, WRSI, SWS and rainfall in each of the two studied provinces. A range of 4 arbitrarily Water Holding Capacity levels (50, 100, 150 and 200mm) have been taken in the two provinces to take into account potential soil variability. WHC over 200mm could not be considered, as AMS failed in such simulations, considering this WHC as unrealistic. Prediction models for wheat have been selected, regressing wheat grain yields (dependent Y-variable) on a combination of NDVI and AMS indices (X-predictors) (see chapter III for the methodology).



3. Results and discussion 3.1 Performance of AgrometShell software



High correlations between wheat yield and total dekadal rainfall were observed in the start (November to December) and the middle (February to March) of the growing season in the two provinces (Fig. 16 and 17). In Meknès, maximum correlations were obtained for the 1st dekad of December (R2=31%) and the 1st dekad of February (R2=53%). In Safi, maximum correlations were obtained for the 2d dekad of December (R2=53%) and the 3rd dekad of March (R2=42%).
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This result is in accordance with the strong relation between rainfall and cereal yields, which was formerly found in Settat province (a neighbor province of Safi) by Yacoubi et al. (1998). In addition, the growing season being shorter in Safi, the correlation is more important in the start than in the middle of the season. For the two provinces wheat yield was better correlated to ΣWSD, SWS and WRSI indices derived from AMS than to dekadal rainfall, particularly starting from the third dekad of February, i.e. when wheat is normally at the flowering stage and hence is sensitive to drought (Fig. 10). All correlations increased during the crop cycle in the two provinces until March-April. They were higher in Meknès than in Safi for all these three indices, as dew could supply crops with a significant amount of water during the crop cycle along the Atlantic coast where Safi is located. Unfortunately, dew is generally not monitored in standard weather stations nor it is taken into account in AMS. With WHC1 from 50 to 150 mm, ΣWSD and WRSI were the best AMS indices correlated to wheat yield in Meknès and Safi, respectively. In Meknès particularly, maximum correlation between wheat yield and ΣWSD was stable in the range 50 to 150mm WHC (R2≈80%). At, 200mm WHC the correlation decreased suddenly for ΣWSD (maximum R2=71%) and increased for SWS (maximum R2=82%), indicating a probable mean real WHC between 150 and 200mm in Meknès. In fact, water upper WHC is theoretically lost from the profile (and then not accessible for the plant) and, water under WHC is too strongly retained by soil to be extracted by plant roots. Hence, the real WHC should be theoretically met when yield is the lesser correlated to ΣWSD and the better correlated to SWS. Wheat yield was better correlated to ΣWSD and SWS indices than to NDVI in Meknès, whereas in Safi the correlation was higher for NDVI than for all AMS indices. R2 between wheat yield and NDVI reached 0.69 and 0.67 in Meknès and Safi, respectively (Fig. 16 and 17). This result is in accordance with the strong correlations found between cereal yields and NDVI/AVHRR in Morocco by Kogan (2000). The correlations between wheat yields and NDVI at dekadal level for the whole used time series (1991-2004) represents an average situation where non climatic factors could also affect yields depending on the year. In particular, Hessian fly (Mayetiola destructor, Say) could cause about 42% reduction in wheat yield in some situations



1



The amount of water in soil that can be absorbed by plants, between the high amount at full saturation or field capacity, and the low amount at the permanent wilting capacity. - 57 -
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(Amri et al., 1992). Septoria (Septoria tritici) induces losses of 20%, or more in rainy years. NDVI integrates losses due to diseases or pests that affect vegetation and to soil water shortages. It appears therefore than yield are much more depending on soil water conditions in Meknès than in Safi. Common farmer’s practices in Safi province may not be adapted to take profit of good rainfall years. They may prefer a minimum guaranteed level yield to high inter-annual yield variability while in Meknès, other practices are applied which allow to reach high yields when rainfall conditions are favorable. Other factors like temperature, soil and cultural practices (technical progress) are somewhat fixed and vary relatively little compared to diseases. Hot wind from east and southeast of the country can occur some years during grain filling causing grain shriveling. Temperature was not considered in this study, as it is generally not a limiting factor (Balaghi, 2000b) except in mountainous areas of Morocco where cold could damage plants in winter. However, temperature might increase evaporation rate, reduce the growing period and enhance the development rate, which in turn reduce yields. These effects are partially taken into account by AMS, as this software calculates the water balance based on Penman-FAO method, which uses air temperature as input. In our study, the relative low number of observations (14 years of observations, from 1991 to 2004), is compensated by the associated high inter-annual variation of wheat yield and climate. Moroccan agriculture faced contrasted climatic situations during the last 25 years, as the coefficient of variation of wheat yields increased from 23 to 37% between the 1960-1980 and the 1981-2004 periods as calculated from FAO (Anon., 2005b) and official national databases. Also, rainfall variability was very high during the last 20 years (Knipertz et al., 2003).



3.2. Wheat yield prediction models



Wheat yield was predicted with relatively low errors using AMS indices alone or combined with ΣNDVI in the two provinces, Meknès and Safi (table 13). It seems that soil water availability play a higher role in Meknès, than in Safi, as AMS indices (ΣWSD and SWS) explained most of wheat yield variation compared to the vegetation index (ΣNDVI). Also, wheat yield is predicted with decreasing errors as WHC increases from 50 to 200mm. ΣWSD index explained most of wheat yield variation for 50 until 150mm WHC (78≤R2≤ 82%) in March, and
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the model combining ΣWSD and ΣNDVI explained 88% (330 kg.ha-1 error) of wheat yield variability for 150mm WHC. For 200mm WHC, SWS at the 1st dekad of March explained 82% of wheat yield variability, better than ΣWSD. ΣNDVI index explained none or only a few part of wheat yield variability when ΣWSD or SWS indices were used, as NDVI and AMS indices are both integrated indices over the season and individually highly correlated to yield. In Safi, most of wheat yield variation was explained by ΣNDVI (partial R2=86%), with lower errors (≤110 kg.ha-1) if compared to Meknes. The remaining part of yield variation was explained mainly by WSI calculated in December (partial R2=8%) in this province, from 50 until 150mm WHC.



4. Conclusion AMS software is relatively easy to handle and need very few input weather and crop data if compared to more sophisticated simulation models available in the literature. AMS software performed very well in Meknès and Safi, taken as a sample of a sub-humid and a semi-arid province of Morocco, respectively. AMS performed better in Meknès than in Safi probably because dew was not taken into account in this later coastal province. SWS and WRSI were the best indices correlated to wheat yield, respectively in Meknès and Safi. The integration of WSD over dekads (ΣWSD) is a promising new index that could be included in AMS. AMS is an interesting tool in Morocco for wheat monitoring when no NDVI information is available in a sub-humid province such as Meknès.
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TABLES Table 1 Change point analysis of total rainfall (September to May) at province level in Morocco Province Time series Rainfall Change point test Tangier Tetouan Kenitra Meknes Rabat Fes Casablanca El Jadida Safi Settat Essaouira Oujda Agadir Marrakech Ouarzazate



1932-2004 1938-2004 1951-2004 1932-2004 1931-2004 1915-2004 1903-2004 1932-2004 1901-2004 1910-2004 1894-2004 1932-2004 1922-2004 1919-2004 1932-2004



Mean (mm) C.V. (%) Mann and Pettitta Buishandb 770 1948 (0.0262) (0.0001) 32.3 671 ns ns 35.5 571 1972 (0.0375) (0.1000) 28.5 535 1980 (0.0009) (0.0001) 27.1 510 ns ns 31.0 483 1978 (0.0846) (0.1000) 24.6 399 ns ns 29.8 371 ns ns 34.2 353 ns ns 37.4 353 1942 (0.0861) (0.0500) 35.1 305 ns (0.1000) 35.7 297 1981 (0.0045) (0.0001) 33.0 232 ns ns 49.1 229 ns ns 36.2 91 1950 (0.0842) (0.1000) 58.2



C.V.: Coefficient of variation. a Time of change and its probability test b Time of change and its posterior probability ns: Not significant
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Lee and Heghinianb 1948 (0.3214) 1971 (0.1669) 1972 (0,1697) 1980 (0.2618) 2002 (0.1435) 1978 (0.0970) 1978 (0.0271) 2002 (0.0555) 2003 (0.0403) 1980 (0.0781) 1898 (0.1362) 1981 (0.2376) ns 1919 (0.2433) 1950 (0.1564)



TABLES Table 2 Regression of the observed wheat grain yield on time from 1988 to 2004 at province level in Morocco Province Slope parameter p-value Observed grain yield Mean (100 x kg.ha-1) C.V. (%) 0.2480 0.5067 19.64 36.9 Errachidia 0.0733 0.7407 19.10 22.4 Larache -0.1145 0.6522 18.96 25.8 Beni Mellal 0.2000 0.6313 18.64 43.2 Kenitra -0.3755 0.3584 18.27 45.7 Meknes -0.5544 0.0222 17.52 29.0 Ouarzazate -0.4159 0.3758 16.58 55.2 Casablanca 0.4554 0.4649 16.36 73.9 Rabat 0.1137 0.6351 16.25 28.5 El Jadida 0.1667 0.3346 14.17 23.9 Tetouan -0.0270 0.9499 13.51 61.1 Fes -0.0802 0.6940 12.90 30.5 Ifrane 0.3843 0.1658 12.78 29.4 Tangier -0.1907 0.6274 12.30 61.7 Settat 0.3566 0.0735 10.39 38.9 Nador 0.0203 0.9149 9.72 37.7 El Hoceima -0.0311 0.9095 9.62 54.8 Taza -0.2299 0.3834 8.14 63.0 Agadir 0.0919 0.7257 7.90 64.0 Marrakech -0.1848 0.4713 7.64 65.2 Khouribga 0.2686 0.1851 7.18 55.9 Oujda 0.1601 0.4533 7.07 58.6 Safi -0.0586 0.7459 5.50 63.3 Essaouira C.V.: Coefficient of variation, i.e. deviation standardized by the mean in percent p-value: probability significance of the slope parameter.
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TABLES Table 3 Regression models for wheat grain yield (100 x kg.ha-1) at provincial level and for overall pooled 23 provinces of Morocco, using rainfall. df=total degrees of freedom, R²=coefficient of determination for calibration (*/**/***=significant at 5/1/0.1 % probability levels). All retained explanatory variables are significant at least at 5% probability level. Rainfall periods are indicated by combining start and end month/dekad, with single characters (s, o, n, d, j, f, m, a, y) for the months September to May and dekad=1/2/3. Province OLS modela R2 (%) Rabat El Hoceima Meknes Safi Settat Kenitra Larache El Jadida Beni Mellal Casablanca Khouribga Marrakech Fes Ouarzazate Nador Essaouira Oujda Ifrane Tangier Tetouan Taza Agadir Errachidia Overall



Yield = 12.7972 - 0.1059 o2n2 + 0.1757 n2n3 Yield = 9.2480 - 0.1755 s2o2 + 0.0863 s3o1 + 0215 n3f1 + 0.0601 d2d3 Yield = 12.6010 - 0.1277 s2n2 + 0.0891 o3n1 + 0.1555 n1n3 + 0.0212 d1f3 Yield = 1.0685 + 0.0154 o2j1+ 0.1131 f2f3 Yield = -5.4930 + 0.0175 o2d3 + 0.1953 j1m3 - 0.1468 j2m2 - 0.0670 f1f3 + 0.1586 f1m1 Yield = -6.5336 + 0.0610 s2n2 + 0.0341 o1d1 + 0.2410 f3m1 Yield = 12.5733 + 0.0463 o1o3 - 0.0149 j3f2 + 0.0391 f1m2 Yield = 5.6644 - 0.0232 s1n2 + 0.0557 o2j1 – 0.0664 d1d2 + 0.0815 f1m2 Yield = 6.9514 + 0.0947 s2n2 - 0.0310 n1d1 - 0.0687 j3f3 + 0.22 f1f3 + 0.0758 m1m2 Yield = 1.1216 - 0.0677 o2n3 + 0.0790 j3m3 Yield = -0.2327 - 0.0797 o2n2 + 0.0624 o3n3 + 0.0637 n1d2 - 0.0315 n2d1 + 0.0315 j2m3 Yield = -1.5607 + 0.1144 o3n2 + 0.094 f3a1 Yield = -4.8721 + 0.0922 n1n3 + 0.0459 n1d1 + 0.0498 d3m2 + 0.0271 m2a2 Yield = 11.3611 + 0.3193 s2s3 + 0.0776 f1a1 + 0.0775 m3a1 Yield = 4.2754 + 0.02843 n1n2 + 0.0945 f1f2 + 0.0795 m3a2 Yield = -2.7999 + 0.0261 n1d2 + 0.0914 n3d2 - 0.1166 d1d2 + 0.0147 d2d3 + 0.0423 f1m2 + 0.1368 f2f3 + 0.0359 a2a3 Yield = -4.5058 + 0.0563 n1j2 + 0.0660 j2a1 + 0.0809 a2a3 Yield = 2.2143 + 0.0213 o3n3 + 0.0289 f2m3 + 0.0325 a2y1 Yield = 6.6655 + 0.0232 j3f1 + 0.0241 f3a1 + 0.1761 y2y3 Yield = 8.3658 + 0.1260 f2f3 + 0.0303 n2n3 - 0.0460 j2j3 + 0.0385 y1y3 Yield = -4.5137 + 0.1069 n1j2 - 0.0391 n2f1 + 0.0458 f1m1 - 0.2054 y2y3 Yield = 3.0902 + 0.0733 j1j2 + 0.0719 f1m1 + 2.3354 y2y3 Yield = 21.1758 - 0.4611 y2y3 Yield = 2.6275 + 0.0537 n1d1 + 0.0246 d3j2 + 0.0780 f1m1
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73.5*** 87.0*** 87.9*** 67.7*** 97.7*** 73.6*** 89.0*** 93.7*** 95.9*** 72.6*** 97.2*** 60.0** 95.4*** 81.7*** 72.7*** 98.5*** 80.6*** 83.8*** 80.9*** 79.6*** 90.4*** 87.4*** 24.0* 79.2***



TABLES Table 4 Estimated and predicted error for wheat grain yield using OLS models in relation with the contribution of each province to the total predicted error and grain production. Errora (100 x kg.ha-1) Contribution to the total Contribution to the total Province Estimated Predicted observed grain production (%)c R2 (%) predicted error (%)b 87.4 Agadir 1.50 2.02 2.6 1.9 95.9 Beni Mellal 0.86 1.63 8.6 17.6 72.6 Casablanca 3.49 4.51 2.0 1.5 87.0 El Hoceima 1.03 1.50 0.7 0.8 95.9 El Jadida 0.88 1.35 2.9 6.0 24.0 Errachidia 4.44 5.40 1.1 0.9 98.5 Essaouira 0.35 0.67 0.3 0.4 95.4 Fes 1.49 2.30 5.4 5.4 83.8 Ifrane 1.19 1.55 0.7 1.2 73.6 Kenitra 3.13 4.14 32.0 26.2 97.2 Khouribga 0.65 1.06 1.8 2.1 89.0 Larache 1.07 1.40 0.7 1.4 60.0 Marrakech 2.33 2.86 5.5 2.6 87.9 Meknes 3.05 3.43 10.8 9.0 72.7 Nador 1.75 2.31 3.8 2.6 81.7 Ouarzazate 1.45 1.82 1.1 1.8 80.6 Oujda 1.25 1.63 3.5 2.3 73.5 Rabat 4.34 5.95 2.9 1.6 67.7 Safi 2.02 2.50 7.6 4.1 97.7 Settat 0.99 1.58 6.2 8.8 80.9 Tangier 1.39 2.08 0.1 0.1 90.4 Taza 1.32 1.89 1.4 1.3 79.6 Tetouan 1.21 1.72 0.3 0.4 79.2 Overall 0.94 1.19 100.0 100.0 a Average absolute difference between OLS model and observation yields from 1988 to 2004 in estimation and in prediction. b Predicted error for each province divided by the total predicted error for all the 23 provinces using OLS models. c Observed grain production in each province divided by the total observed grain production in all the 23 provinces.
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TABLES Table 5 Empirical SUR models and related OLS models for wheat grain yield (100 x kg.ha-1) at provincial level using rainfall. */**/***=significant at 5/1/0.1 % probability levels. All retained explanatory variables are significant at least at 5% probability level. Rainfall periods are indicated by combining start and end month/dekad, with single characters (s, o, n, d, j, f, m, a, y) for the months September to May and dekad=1/2/3. SUR models System Weighted R2 (%) Province Variable OLS models Parameter Std Parameter Std Fes Intercept -4.8721** 1.4767 -4.4398** 1.4272 n1d1 0.0459* 0.0152 0.0540** 0.0137 d3m2 0.0498*** 0.0075 0.0487*** 0.0071 n1n3 0.0922** 0.0215 0.0811** 0.0191 m2a2 0.0271* 0.0107 0.0225* 0.0094 Taza Intercept -4.5137** 1.4685 -4.2108* 1.4353 n1j2 0.1069*** 0.0200 0.1058*** 0.0186 f1m1 0.0458*** 0.0089 0.0422*** 0.0080 y2y3 -0.2054*** 0.0443 -0.2250*** 0.0407 n2f1 -0.0391* 0.0143 -0.0371** 0.0132 94.2 Casablanca Intercept 1.1216ns 2.9364 2.0334 ns 2.6864 j3m3 0.0788*** 0.0149 0.0767*** 0.0117 o2n3 0.0677** 0.0193 0.0612** 0.0186 Kenitra Intercept -6.5336 ns 4.6738 -5.4669 ns 3.7865 o1d1 0.0341* 0.0147 0.0294* 0.0120 f3m1 0.2410** 0.0570 0.2334*** 0.0400 s2n2 0.0610* 0.0273 0.0627** 0.0198 99.2 Settat Intercept -5.4930*** 0.9606 -5.0266*** 0.9144 j1m3 0.1953*** 0.0189 0.2015*** 0.0161 j2m2 -0.1468*** 0.0192 -0.1544*** 0.0163 f1m1 0.1586*** 0.0329 0.1470*** 0.0282 o2d3 0.0175** 0.0051 0.0158** 0.0044 f1f3 -0.0666* 0.0288 -0.0575* 0.0250 El Jadida Intercept 5.6644*** 1.0939 6.1706*** 1.0346 f1m2 0.0815*** 0.0098 0.0715*** 0.0084 o2j1 0.0557*** 0.0054 0.0534*** 0.0044 d1d2 -0.0664*** 0.0126 -0.0592*** 0.0098 s1n2 -0.0232** 0.0066 -0.0217** 0.0054 83.9 Safi Intercept 1.0685 ns 1.5428 1.3826 ns 1.3836 f2f3 0.1131*** 0.0250 0.1028*** 0.02267 o2j1 0.0154** 0.0062 0.0150** 0.0054 Marrakech Intercept -1.5607 ns 2.2306 -1.2544 ns 2.0274 f3a1 0.0940** 0.0226 0.0917*** 0.0205 o3n2 0.1144* 0.0419 0.1087** 0.0366 99.1 Oujda Intercept -4.5058* 1.7221 -3.1841* 1.3862 j2a1 0.0563*** 0.0101 0.0500*** 0.0082 0.0660** 0.0157 0.0578*** 0.0118 n1j2 a2a3 0.0809* 0.0354 0.0744* 0.0266 Errachidia Intercept 21.1758*** 1.7323 21.3506*** 1.6859 y2y3 -0.4611* 0.2119 -0.5134** 0.1752 94.5 Tetouan Intercept 8.3658*** 1.0376 8.6642*** 0.9715 f2f3 0.1260*** 0.0216 0.1189*** 0.0204 n2n3 0.0303*** 0.0070 0.0310*** 0.0063 j2j3 -0.0460** 0.0120 -0.0445** 0.0113 y1y3 0.0385* 0.0148 0.0343* 0.0137 Nador Intercept 4,2754** 1,2036 3.9648** 1.1274 m3a2 0,0795** 0,0236 0.0908*** 0.0212 f1f2 0,0945** 0,0229 0.0963*** 0.0212 97.3 n1n2 0,0284* 0,0116 0.0255* 0.0110
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TABLES Table 6 Compared average absolute predicted error and R2 between observed and predicted wheat grain yields (Rp2) using OLS and SUR models for 12 provinces of Morocco. Province Predicted errora (100 x kg.ha-1) R p 2 (%) OLS SUR OLS SUR Fes 2.30 2.15 88.5*** 89.2*** Taza 1.89 1.91 81.7*** 82.1*** Casablanca 4.51 4.67 56.4*** 56.1*** Kenitra 4.14 4.01 57.5*** 59.0*** Settat 1.58 1.38 94.2*** 94.8*** El Jadida 1.35 1.27 83.6*** 84.1*** Safi 2.50 2.43 52.6** 53.8*** Marrakech 2.86 2.75 42.6** 44.7** Oujda 1.63 1.65 71.0*** 72.1*** Errachidia 5.40 5.26 15.4 ns 16.1 ns Tetouan 1.72 1.68 61.5*** 64.5*** Nador 2.31 2.48 54.6*** 54.9*** a Average absolute difference between predicted and observed yields from 1988 to 2004. ns, **,***: Non significant and significant at 0.01 and 0.001 probability level, respectively.
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TABLES Table 7 Regression models for wheat grain yield (100 x kg.ha-1) at provincial level using NDVI, rainfall and air temperature. ΣNDVI=sum of dekadal NDVI from February to April, df=total degrees of freedom, R² and Rp²=coefficient of determination (in %) for calibration and validation (*/**/***=significant at 5/1/0.1 % probability levels). All retained explanatory variables are significant at least at 5% probability level. Their partial R² (in %) is written below and between brackets. Provinces without temperature information are marked in italics. Provinces/models are sorted according to partial R² of ΣNDVI and to overall R2. Rainfall periods are indicated by combining start and end month/dekad, with single characters (s, o, n, d, j, f, m, a, y) for the months September to May and dekad=1/2/3. Temperature periods: for instance t02=temperature in February, t02t04=mean temperature over period from February to April. Province Temperat. df R2 Rp2 ΣNDVI Rainfall Safi -11.053 + 3.137 ΣNDVI + 0.058 s1o2 + 0.052 f1a2 10 97*** 92*** (79) (7) (10) El Jadida -1.781 + 3.579 ΣNDVI + 0.011 o3j3 10 90*** 82*** (78) (12) 10 97*** 93*** Fes -12.196 + 3.140 ΣNDVI + 0.095 n1d1 + 0.028 j3a1 (76) (18) (3) -8.539 + 2.400 ΣNDVI + 0.034 n3d2 + 0.028 j3a3 11 97*** 92*** Khouribga (74) (4) (20) 10 93*** 86*** Kenitra -27.561 + 7.992 ΣNDVI + 0.127 m3a + 0.564 y2y3 (74) (11) (8) 11 85*** 80*** Essaouira -6.812 + 3.074 ΣNDVI + 0.014 j3a3 (73) (12) *** *** Taza 6.276 + 4.096 ΣNDVI + 0.029 n3d3 - 1.186 t04 11 96 90 (69) (20) (6) *** *** Meknès 15.790 + 5.886 ΣNDVI + 0.170 y2y3 - 1.995 t03t04 11 98 94 (67) (26) (5) Settat -5.096 + 1.359 ΣNDVI + 0.064 o3n2 + 0.076 j1m3 10 97*** 91*** (66) (7) (24) 11 78** 62** Casablanca -13.319 + 5.667 ΣNDVI + 0.054 j3f2 (65) (12) -8.029 + 4.988 ΣNDVI + 0.077 a1a2 11 80*** 51** Nador (62) (18) 11 88*** 38* Rabat -30.560 + 7.213 ΣNDVI + 0.065 n2n3 + 0.158 m2a2 (42) (14) (32) 11 86*** 68*** El Hoceima 3.602 + 1.886 ΣNDVI - 0.121 s2o2 + 0.054 j3f1 (42) (25) (18) Ifrane -6.851 + 2.454 ΣNDVI + 0.015 o3n2 + 0.026 f2a2 11 96*** 92*** (43) (5) (49) 10 98*** 91*** Larache 0.737 + 2.121 ΣNDVI + 0.055 s1o2 + 0.015 a1y2 (17) (79) (2) *** *** Tetouan 33.742 + 1.353 ΣNDVI + 0.029 a2y1 - 2.036 t02 11 92 79 (9) (9) (74) 2.327 + 0.094 j1j2 + 0.089 f1m1 + 2.048 y2y3 14 90*** 83*** Agadir (10) (15) (65) -5.877 + 0.069 n1j2 + 0.059 j2a2 + 0.049 a2y1 14 84*** 73*** Oujda (23) (54) (7) Beni Mellal 6.581 + 0.077 s2n2 + 0.098 f1f3 + 0.058 m1m3 14 82*** 66*** (19) (49) (14) *** *** 65.973 + 0.078 s2s3 + 0.028 j3f1 Tangier - 3.083 t05 13 82 69 (14) (48) (21) 14 72*** 59*** Marrakech -2.529 + 0.116 o3n3 + 0.097 f3a1 (33) (39) 14 64** 42** Ouarzazate 12.438 + 0.226 s2s3 + 0.149 m1m3 (25) (40) – – – – – – – 0 0 Errachidia
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TABLES Table 8 Wheat grain yield estimation errors per province in relation to their contributions to the total error and grain production (see also Fig. 4). Error data obtained via the independent cross-validation (LOO). R² and Rp² are copied from table 1, and provinces are sorted in the same way. R2 Absolute Rp2 Contribution to Contribution to a error c total error b grain production (%) (%) (100 x kg.ha-1) (%) (%) Province *** *** 97 92 Safi 4.1 3.5 1.12 *** 82*** 90 3.4 1.55 El Jadida 6.4 97*** 93*** Fes 5.5 4.5 1.68 97*** 92*** Khouribga 1.9 2.0 1.06 93*** 86*** 19.0 2.36 Kenitra 24.8 85*** 80*** 0.6 1.12 Essaouira 0.3 96*** 90*** 1.8 1.57 Taza 1.4 98*** 94*** Meknes 9.1 7.9 1.77 97*** 91*** Settat 7.1 1.58 9.1 78** 62** Casablanca 1.7 3.2 4.99 *** 51** 80 5.3 2.53 Nador 2.5 88*** 38* 5.6 7.62 Rabat 1.8 86*** 68*** 1.2 1.69 El Hoceima 0.8 96*** 92*** Ifrane 1.1 1.6 0.88 98*** 91*** 0.4 0.80 Larache 1.2 92*** 79*** Tetouan 0.4 0.2 1.17 90*** 83*** 3.9 1.97 Agadir 2.1 84*** 73*** 5.1 1.58 Oujda 2.3 82*** 66*** 14.1 1.99 Beni Mellal 18.1 82*** 69*** Tangier 0.1 0.1 1.71 *** *** 59 72 7.2 2.28 Marrakech 2.6 64** 42** Ouarzazate 1.8 2.4 3.09 0 0 Errachidia 0.9 – – Overall 100.0 100.0 0.55 d a



Provincial grain production divided by the total of the 23 provinces (1 495 kTon/year, mean over 1990-2004). Error for each province divided by the total error for the 23 considered provinces. c Mean absolute deviation between predicted and observed yields for the whole time series. d Mean of all provincial models, see also Fig. 12c. b
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TABLES Table 9 Regression models for the relationship between ΣNDVI (sum of dekadal NDVI from February to April) and weather data (rainfall, temperature) for the 23 considered provinces. R²=coefficient of determination of the stepwise regression (*/**/***=significant at 5/1/0.1 % probability levels). The non-significant models are shown in grey. All retained explanatory variables are significant at least at 5% probability level. Their partial R² (in %) is written below and between brackets. Provinces without temperature information are marked in italics. Provinces/models are sorted in the same way as in tables 1 and 2. Rainfall periods are indicated by combining start and end month/dekad, with single characters (s, o, n, d, j, f, m, a, y) for the months September to May and dekad=1/2/3. Temperature periods: for instance t02=temperature in February, t02t04=mean temperature over period from February to April. Province Rainfall Temperature R2 (%) 2.128 + 0.005 o1d3 + 0.034 f2f3 (35) (45) El Jadida – – – – Fes 2.460 + 0.019 n1n2 + 0.012 d3f3 (23) (67) Khouribga 3.607 - 0.024 o2o3 + 0.016 n1d2 - 0.016 a1a2 (13) (60) (23) Kenitra – – – – Essaouira 2.544 - 0.141 s1s2 + 0.009 n1d2 (21) (51) Taza -1.866 + 0.012 j2f3 + (51) Meknès -11.234 + 0.008 d3f3 + 0.014 j3m3 + (46) (21) Settat 5.186 - 0.053 s2o1 + 0.046 m2m3 - 0.034 a2a3 (50) (24) (20) Casablanca 2.344 + 0.006 o1d3 + 0.019 f1m2 (34) (44) Nador -2.488 - 0.028 o1o2 + 0.012 n1f2 + (21) (59) Rabat 5.287 - 0.0218 a1a2 (34) El Hoceima -1.578 + 0.015 o3n1 + 0.005 j1j2 + (62) (14) Ifrane 3.762 + 0.005 o3n3 (46) Larache – – – – Tetouan – – – – Agadir 2.791 + 0.016 o2o3 + 0.004 d3m1 (29) (29) Oujda 3.033 + 0.011 n1f2 (54) Beni Mellal 3.683 + 0.008 n1f2 (50) Tangier – – – – Marrakech 1.233 + 0.024 o3n1 + 0.016 n1f2 (19) (62) Ouarzazate 5.161 + 0.045 n1n3 (61) Errachidia 1.521 + 0.038 j1j2 (60)



80**



Safi
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–



– 89*** 95***



–



– 72**



0.348 t03 (23) 0.920 t03 (26)



74** 92*** 94*** 78***



0.363 t01t02 (17) 0.385 t01 (17) – –



97*** 34* 93*** 46* – – 60* 54** 50**



–



– 80***



0.222 t03 (25)



85*** 60**



TABLES Table 10 Regression models for wheat grain yield (100 x kg.ha-1) at national level using national ΣNDVI (median NDVI over all cropland pixels; summed from 1st dekad of February to just before prediction date) and national seasonal rainfall (mean of 31 weather stations, integrated over different periods). df=total degrees of freedom, R² and Rp²=coefficient of determination (in %) for calibration and validation (***=significant at 0.1% probability level). All retained explanatory variables are significant at least at 5% probability level. Their partial R² (in %) is written below and between brackets. Rainfall periods are indicated by combining start and end month/dekad, with single characters (s, o, n, d, j, f, m, a, y) for the months September to May and dekad=1/2/3. Error Model Dekad ΣNDVI Rainfall df R2 Rp2 nd



1



2 March



2



3rd March



3



1st April



4



2nd April



5



3rd April



6 7



1st May 1st May



-9.499 + 7.195 ΣNDVI + 0.022 s3d2 + 0.106 f1m1 (66) (4) (28) -9.943 + 6.079 ΣNDVI + 0.021 s3d2 + 0.096 f1m1



100xkg.ha-1



%



***



0.84



8.6



12 98*** 96***



0.79



7.7



***



12 98



96



(73) -9.090 + 5.001 ΣNDVI + 0.023 (83) -10.309 + 4.487 ΣNDVI + 0.026



(4) (21) s3d2 + 0.076 f1m1



11 97*** 94***



1.00



9.0



(4) (10) s1d1 + 0.050 f1a1



11 97*** 92***



1.11



9.5



(82) -8.829 + 3.765 ΣNDVI + 0.030 (84) -8.823 + 3.593 ΣNDVI + 0.028



(6) (9) s3n3 + 0.032 j3a2



11 98*** 96***



0.73



6.8



(7) (7) s3n3 + 0.028 j3a1



11 98*** 95***



0.82



7.4



11 85*** 81***



1.65



14.6



(85) -7.427 + 4.584 ΣNDVI (85)



(6)
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TABLES Table 11 Comparative wheat grain yield (100 x kg.ha-1) forecasting using multiple linear regression and neural networks at national level in Morocco. Forecasting at Predictorsa d.f.b Regression Neural network Dekad (1 hidden layer) (2 hidden layers) R2 Model 1 1st March



ΣNDVIe, s3d2, f1m1 12 98*** ΣNDVI, s3d2, f1m1 12 98***



Errorc Rp2 d



Error Rp2



Error Rp2



0.84 96***



1.55 81***



1.45 89***



0.79 96***



1.59 82***



0.89 95***



ΣNDVI, s3d2, f1m1 11 97*** ΣNDVI, s1d1, f1a1 11 97***



1.00 94***



1.57 86***



1.34 88***



1.11 92***



1.44 88***



1.28 90***



d



ΣNDVI, s3n3, j3a2



11 98***



0.73 96***



1.09 91***



0.94 94***



rd



ΣNDVI, s3n3, j3a1



11 98***



0.82 95***



0.67 97***



1.60 81***



d



Model 2 2 March rd



Model 3 3 March st



Model 4 1 April Model 5 2 April Model 6 3 April a



All predictors are significant at least at 0.05 probability level. Total degree of freedom. c Mean absolute deviation between predicted and observed yields for the whole time series (100 x kg.ha-1). d Rp2 between predicted and observed yields (%). e Sum of dakadal median NDVI, from 1st dekad of February to the prediction dekad. *** : significant at 0.001 probability level. b
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TABLES Table 12 Available weather databases used for testing performance of AgroMetShell software. Source Data Time step National Meteorology • Minimum and maximum temperature Dekadal Direction • Rainfall www.tutiempo.net



Center for OceanLand-Atmosphere Studies



• • • • • • • •



Mean, maximum and minimum temperature Rainfall Mean sea level pressure Relative Humidity Wind speed Mean, maximum and minimum temperature Rainfall ET0



- 71 -



Time series



Daily



1987-2004 (June, July and August missing) 1994-2004



Daily



1990-1995



TABLES Table 13 Regression models for wheat grain yield (100 x kg.ha-1) at provincial level using NDVI and AgroMetShell (AMS) software. WHC=Water Holding Capacity, SWS=Soil Water Storage, ΣWSD=Sum of dekadal Water Surplus Deficit, ΣNDVI=sum of dekadal NDVI from February to April, WSI=Water Satisfaction Index, df=total degrees of freedom, R² and Rp²=coefficient of determination (in %) for calibration and validation (*/**/***=significant at 5/1/0.1 % probability levels). All retained explanatory variables are significant at least at 5% probability level. Their partial R² (in %) is written below and between brackets. Time periods are indicated by the end month/dekad, with single characters (s, o, n, d, j, f, m, a, y) for the months September to May and dekad=1/2/3. Rp2 Error (100 x kg.ha-1) Province WHC AMS NDVI df R2 Meknès 200 8.007 + 0.109 SWSm1 13 82*** 76*** 3.2 (34%) (82) 150 0.504 + 0.055 ΣWSDm3 + 3.194 ΣNDVI 10 88*** 79*** 3.3 (25%) (78) (10) 100 14.601 + 0.070 ΣWSDm3 13 81*** 74*** 3.9 (39%) (81) 50 13.358 + 0.063 ΣWSDm2 13 80*** 74*** 3.8 (38%) (80) Safi 200 -6.790 + 0.088 ΣWSDd2 + 3.925 ΣNDVI 9 93*** 90*** 1.1 (29%) (8) (86) 150 -44.390 + 0.386 WSId3 + 3.766 ΣNDVI 9 93*** 92*** 1.1 (25%) (8) (86) 100 -44.390 + 0.386 WSId3 + 3.766 ΣNDVI 9 93*** 92*** 1.1 (25%) (8) (86) 9 93*** 92*** 1.0 (24%) 50 -45.258 + 0.393 WSId3 + 3.811 ΣNDVI (8) (86)
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Fig. 1. Wheat grain production and seasonal rainfall (September to May) in Morocco



(Data source: Economic Services of the Ministry of Agriculture and National Meteorology Direction)
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Fig. 2. Land cover map of Morocco (Data source: Global Land Cover for Africa; version 5.0).
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Fig. 3. Spatial and temporal rainfall (mm) distribution in Morocco illustrated with some meteorological stations (Data source: National Meteorology Direction)
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FIGURES



Morocco



Fig. 4. The considered provinces in Morocco (Moroccan Sahara not shown) with their average wheat production (1990-2004; Data source: Economic Services of the Ministry of Agriculture) and the location of the meteorological stations
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Fig. 5. Regression between mean observed and predicted wheat grain yield using one OLS model for pooled 23 provinces of Morocco
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FIGURES 25 Observed = - 1.2805 + 1.0915 Predicted R2 = 0.907***
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Fig. 6. Regression between mean observed and predicted wheat grain yield using all OLS models of 23 provinces of Morocco.
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Fig. 7. Prediction dates using OLS models
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FIGURES 25 Observed = - 1.8020 + 1.1271 Predicted R2 = 0.913***
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Fig. 8. Regression between mean observed and predicted wheat grain yield combining OLS and SUR models in 23 provinces of Morocco.



- 80 -



FIGURES



20 18



-1



Grain yield (100 x kg.ha )



16



yield = 7.06 + 0.21 year 2 R = 0.34***



14



2



R =0



12 10 8 6 4 2



20 03



20 01



19 99



19 97



19 95



19 93



19 91



19 89



19 87



19 85



19 83



19 81



19 79



19 77



19 75



19 73



19 71



19 69



19 67



19 65



19 63



19 61



0



Fig. 9. Evolution of the national mean grain yields of wheat in Morocco (1961-2004; data source: Economic Services of the Ministry of Agriculture database and FAOSTAT, Anon., 2005b)
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Fig. 10. Typical weather conditions during the wheat growing cycle in Morocco (Median rainfall and average temperature from 1987 to 2004; data source: National Meteorology Direction of Morocco )
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FIGURES



Fig. 11. NDVI/AVHRR for the second dekad of March (average of the years 1990-2004). The non-agricultural and irrigated zones have been masked using the Global Land Cover for Africa (GLC2000, version 5.0).
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Fig. 12. Relation between observed and predicted yield for: (a) Meknès, (b) Settat, (c) average of the 23 considered provinces and (d) national model 5 in table 11 (data from 1990 to 2004).
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Fig. 14. Relation between wheat grain yield and ΣNDVI at the second dekad of April at national level in Morocco (data from 1990 to 2004).



- 86 -



FIGURES 1,2



Crop coefficient (Kc)



1



0,8



0,6



0,4



0,2



0 0



0,1



0,2



0,3



0,4



0,5



0,6



0,7



0,8



0,9



1



Percentage of cycle length



Fig. 15. Default crop coefficients for wheat in AgroMetShell during the crop cycle
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c) d) Fig. 16. Correlation between wheat grain yield and indices derived from AgroMetShell software, NDVI and rainfall for Meknès province for 50 (a), 100 (b), 150 (c) and 200mm (d) Water Holding Capacity levels (data from 1990 to 2004).
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d) c) Fig. 17. Correlation between wheat grain yield and indices derived from AgroMetShell software, NDVI and rainfall for Safi province for 50 (a), 100 (b), 150 (c) and 200mm (d) Water Holding Capacity levels (data from 1990 to 2004).
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GENERAL CONCLUSION



General conclusion Risk of drought for agriculture in Morocco is increasing due to dual pressure of decreasing and fluctuating precipitations and increasing domestic and industrial needs. This risk has to be considered and managed to insure food security. Taking into account these considerations, it raised that Early Warning Systems, and particularly agro-meteorological crop yield models, constitute adequate agro-meteorological tools to warn of production drop due to drought. This study presented an approach and models for the assessment of wheat grain yields in Morocco. The used approach consists on using four different methodologies, depending on data availability: (1) Ordinary Least Squares (OLS) regression models, using only seasonal rainfall as predictor; (2) OLS regression models, using Seasonal rainfall, temperature and NDVI as predictors; (3) Artificial Neural Network (ANN) analysis, using Seasonal rainfall and NDVI as predictors and; (4) a water balance model (AgroMetShell), that uses dekadal rainfall and evapotranspiration as inputs. Seasonal rainfall, temperature and NDVI were used, as they display strong associated inter-annual variation with wheat yields in Morocco. Best prediction models were achieved based on a methodology using Ordinary Least Squares (OLS) regression models and information on vegetation (NDVI), land cover (GLC2000), and weather (rainfall and temperature). Wheat grain yields could be predicted with high accuracy and using few predictors. The NDVI-imagery registered by the earth observation system NOAAAVHRR was enhanced in advance in three ways: use of 10-daily NDVI composites, computation of the median of the cropland pixels per province, and temporal integration by summing the provincial values over important growing stages (ΣNDVI). At the provincial level, wheat yields could be assessed with errors varying from 80 to 762 kg.ha-1 depending on the region. Early season forecasts made around April 21 and based on NDVI and rainfall, retrieved national wheat yields with 73 kg.ha-1 error. The proposed national models appeared robust, as the R²-shrinkage between calibrations and validations remained low for all forecasting dates (from March, 21 until May, 1). In fact, the well contrasted seasons of the last 15 years gave the opportunity to build regression models with a wide application range, counter-balancing as well the lack of long term time series. Among the used predictors, NDVI was by far the most important predictor for yields in Morocco, especially in rainfed areas, while rainfall and temperature appeared more significant - 90 -



GENERAL CONCLUSION



in arid, high rainfall and/or irrigated areas. In the meantime, the same approach was also applied successfully for the prediction of the yields of two other important cereals in Morocco: durum wheat and barley. The methodology based on OLS regression models, using only rainfall predictors could be an alternative to the models above, when no vegetation information is available. In this case, the models contained generally more predictors and, for some provinces, time-overlapping predictors. Grain yield was predicted at national with 11.1% (119 kg.ha-1) error, when taking into account all the information at provincial level. The predicted error depends on province and can range from 67 kg.ha-1 to 595 kg.ha-1. Seemingly Unrelated Regressions (SUR) methodology was used in original manner in agro-meteorology, to improve OLS predictions taking into account spatial information for a set of neighbor provinces. SUR models improved yield predictions, as R2 between observed and predicted grain yields increased from R2=90.7%*** to R2=91.3%***. SUR methodology was not used to improve OLS the models based on vegetation and rainfall, but could most probably be efficient to improve the predictions in that case. AMS is an interesting tool for wheat monitoring in Morocco, when only rainfall and ET0 information is available. AMS software is relatively easy to handle and need very few input weather and crop data if compared to more sophisticated simulation models available in the literature. AMS software performed very well in Meknès and Safi, taken as a sample of a subhumid and a semi-arid province of Morocco, respectively. AMS performed better in Meknès than in Safi probably because dew factor was not taken into account in this later coastal province. SWS and WRSI were the best indices correlated to wheat yield, respectively in Meknès and Safi. The integration of WSD over dekads (ΣWSD) is a promising new index that could be included in AMS. Despite their theoretical great potential, Artificial Neural Networks (ANN) did not performed as well as OLS regression models. National wheat grain yields could be forecast with 73 and 94 kg.ha-1 errors at the second dekad of April based on rainfall and NDVI information, respectively using OLS models and ANN analysis. The lower performance on ANN analysis was probably due to the linearity between yields and the predictors (NDVI and rainfall) and to the shortness of the used times series, in respect to the high year-to-year variation of NDVI, rainfall and yields. However, ANN still remains a valuable methodology to predict yields if used with
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longer time series. It could be used to control OLS regression models predictions, as these two methods are completely different, OLS being based on a linear modelization whereas ANN is based on an optimization process. The proposed approach is relatively easy to understand and not constraining, as it relies on well robust methodologies and could be adapted according to data availability. The approach was successful as it was based on local long-term research experience, about the nature of the strong relation between wheat yields and weather. The approach was also successful, as it was pragmatic, starting first with the simpler appropriate methodology and, building progressively more elaborated methodologies to improve the predictions taking into account available data (rainfall, temperature, ET0, vegetation or land cover) and analysis tools (statistical models and related softwares, GIS or simulation models). The R2 were over ninety percent in validation mode, for the prediction models at national level, using only rainfall as predictor or, even a vegetation index and rainfall. The average error in the predictions is relatively low in average for the whole studied time series, but could be punctually more or less significant depending on the year (for example, ranged between 7.8 kg.ha-1 in 2000 and 189 kg.ha-1 in 1999, using the national model 5 in chapter 3). At national level, potential improvements could stem from the inclusion of non-weather predictors (deseases, pests, soils, and irrigation) and water balance calculation in the proposed models. In addition, the predictions could be improved using better NDVI quality, derived from SPOT-vegetation for example, instead of NOAA/AVHRR. Our preliminary evaluation (not shown) of the SPOT-vegetation sensor, displayed better correlations between wheat yields and NDVI/SPOT in Morocco for the 1988-2004 time period. Unfortunately, poor correlations were found between NDVIs derived from SPOT-vegetation and NOAA/AVHRR sensors, restricting the use of the two datasets as a pool to elaborate prediction models adapted to more weather variability. At provincial level, R2 widely ranged from 24 to 98.5% using only rainfall predictors and, from 64 to 98% using vegetation, rainfall and temperature predictors. The use of vegetation information could be more efficient at the provincial level, if higher spatial resolution NDVI images and land covers maps are used. The land cover map, Corine Land Cover (CLC 2000), was available at 250 and 100 meters spatial resolution, but unluckily only for the northern coastal area of Morocco. In addition, provincial models should be based on more representative weather stations, as only one synoptic station per province was available in our study.
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If adopted, the proposed models will certainly help policy-makers to warn populations for drought and plan well in advance annual imports, ultimately insuring food security. These models are early, fast and low costly if compared to the actually used surveys-based methodology, needing only real time dekadal rainfall and temperature data and, NDVI images for nine dekads (for the months February to April). They could also play a major role in the implementation of the national drought risk management program and, they could enhance the existing national drought insurance program. The proposed approach and models could be included in the GIEWS and MARS European programs to refine the predictions for Morocco, for example. Most probably, the approach and the methodologies can easily be implemented as well in other countries with similar climate as well as for other main species, like durum wheat and barley.



- 93 -



REFERENCES



REFERENCES Aboudrare, A., Bouaziz, A., Debaeke, P., 1999. Recherche de stratégies de conduite du tournesol dans les conditions pluviales de la région de Meknès (Maroc) I. Calage et test du modèle EpicPhase. Sécheresse 10, 263-71. Addison J., McGarry, K., Wermter, S., MacIntyre, J., 2004. Stepwise Linear Regression Dimensionality Reduction in Neural Network Modelling. Proceedings of the International Conference on Artificial Intelligence and Applications, Innsbruck, pp. 363-368. Agoussine M, Bouchaou L., 2004. Les problèmes majeurs de la gestion de l’eau au Maroc. Sécheresse 15, 187-94. Allen, R.G., Pereira, L.S., Raes, D., Smith, M., 1998. Crop evapotranspiration. Guidelines for computing crop water requirements. Food and Agriculture Organization of the United Nations irrigation and drainage paper 56. Roma, 300p. Amri, A., E1 Bouhssini, M., Lhaloui, S., Cox, T.S., Hatchett, J.H., 1992. Estimates of yield loss due to Hessian fly (Diptera: Cecidomyiidae) on bread wheat using near-isogenic lines. AI Awamia 77, 75-87. Anon., 1995. La production agricole en climat aléatoire : acquis et possibilités de régulation. Commission de réflexion sur la sécheresse. Rabat : INRA, 31p. Anon., 1999. Profil National de la Désertification au Maroc. Rabat : Ministère de l’Agriculture du Développement Rural et des Eaux et Forêts, 16p. Anon., 2000. Investir en agriculture. Partie II : Le secteur agricole. Rabat : Ministère de l’Agriculture du Développement Rural et des Eaux et Forêts, 86p. Anon., 2001 (a). Rapport sur l'état de l'environnement au Maroc. Rabat: Ministère de l'Aménagement du Territoire, de l'Urbanisme, de l'Habitat et l'Environnement, 285p. Anon., 2001 (b). Geo 3 data Compendium. National Land dataset. Food and Agriculture Organization of the United Nations. http://geocompendium.grid.unep.ch/data_sets/land/nat_land_ds.htm Anon., 2002. Statistiques environnementales au Maroc. Rabat: Premier Ministre. Département de la Prévision Economique et du Plan. Direction de la Statistique, 71p. Anon., 2003 (a). Le Maroc en chiffres 2003. Rabat: Haut Commissariat au Plan, Direction de la statistique, 140p. http://www.hcp.ma/ Anon., 2003 (b). Review of world water resources by country. Rome: Food and Agriculture Organization of the United Nations, 112p. - 94 -



REFERENCES



Anon., 2004 (a). L’eau des méditerranéens: situation et perspectives. Athènes: Programme des Nations Unies pour l'environnement / Plan d’action pour la Méditerranée (PNUE/PAM), 366p. Anon., 2004 (b). Chiffres clés 2004. Rabat: Haut Commissariat au Plan. Direction de la statistique. http://www.statistic-hcp.ma/ Anon., 2004 (c). Situation des barrages en 2004. Direction Générale de l'Hydraulique. Ministère de l'Aménagement du territoire, de l'eau et de l'Environnement. http://www.mtpnet.gov.ma/dgh/ Anon., 2005 (a). Résultats d'exploitation des cahiers de la population légale dans le Cadre du Recensement Général de la Population et de l'Habitat 2004. Rabat: Haut Commissariat au Plan. http://www.recensement.hcp.ma/article.php3?id_article=332 Anon., 2005 (b). FAOSTAT. [Online] Available from Food and Agriculture Organization of the United Nations. http://faostat.fao.org/ Anon., 2005 (c). Les causes de dégradation de la forêt marocaine. Rabat: Haut Commissariat aux Eaux et Forêts et à la Lutte Contre la Désertification. http://www.eauxetforets.gov.ma Baddour, O., Djellouli, Y., 2003. Climate variability and predictability in northwest Africa. Geophysical Research Abstracts 5. Bagnouls, F., Gaussen, H., 1957. Les climats biologiques et leur classification. Paris, Annales de Géographie 355, 193-220. Bahir, M., Mennani A., Jalal, M., Fakir, Y., 2002. The impact of drought on the aquifer supplying the Moroccan town of Essaouira with drinking water. Sécheresse 13, 13-9. Bakker, M.M., Govers, G., Ewert, F., Rounsevell, M., Jones, R., 2005. Variability in regional wheat yields as a function of climate, soil and economic variables: Assessing the risk of confounding. Agriculture, Ecosystems and Environment (in Press). Balaghi, R., 2000a. Suivi de l’évolution des réserves en eau sous culture de blé en région semiaride marocaine : Calibration et utilisation du modèle SOIL. Mémoire de Diplôme d’Etudes Approfondies. Arlon : Fondation Universitaire Luxembourgeoise; 95p. Balaghi, R. 2000b. Agrosystem factors: data collection and analysis. In: Jarvis D., Sthapit B., Sears L., (Editors). Conserving agricultural biodiversity In Situ: A scientific basis for sustainable agriculture. International Plant Genetic resources Institute, Roma, pp. 31-35. Barakat, F., Handoufe, A., 1998. Approche agroclimatique de la sécheresse agricole au Maroc. Sécheresse 9, 201-208. - 95 -



REFERENCES



Bennani, A., Buret, J., Senhaji, F., 2001. Communication nationale initiale à la convention cadre des Nations Unies sur les changements climatiques. Rabat: Ministère de l'Aménagement du Territoire, de l'Urbanisme, de l'Habitat et de l'Environnement, 101p. Benbrahim, K.F., Ismaili, M., Benbrahim, S.F., Tribak, A., 2004. Problèmes de dégradation de l’environnement par la désertification et la déforestation: impact du phénomène au Maroc. Sécheresse 15, 307-20. Benedetti, R., Rossinni, P., 1993. On the use of NDVI profiles as a tool for agricultural statistics: the case study of wheat yield estimate and forecast in Emilia Romagna. Remote Sensing of Environment 45, 311-326. Blanney, H.F., Criddle, W.D., 1950. Determining water requirements in irrigated areas from climatological and irrigation data. UDSA-SCS. TP-96, 49p. Bochenek, Z., 2000. Operation use of NOAA data for crop condition assessment in Poland. in J. L. Casanova, (Editors). Remote Sensing in the 21st Century: Economic and Environmental Applications. Balkema, Rotterdam, pp. 387-392. Boughlala, M., Balaghi, R., El Mourid, M., 1994. Validation et utilisation du modèle MULTISIM simulateur des distributions de rendements. In : INRA, (Editors). Journée d'Information sur les Recherches Agricoles. Outils d'aide à la décision et rentabilité de la recherche en agriculture aléatoire. Rabat : Institut National de la Recherche Agronomique, pp. 7-21. Boutfirass, M., El Mourid, M., 1992. Irrigation supplémentaire et variétés de blé dans les zones semi-arides du Maroc. In: El Gharous M, Karrou M, El Mourid M, (Editors). Acquis et perspectives de la recherche agronomique dans les zones arides et semi-arides du Maroc. Rabat: Institut National de la Recherche Agronomique, pp. 176-179. Buishand, T.A., 1982. Some methods for testing the homogeneity of rainfall records. Journal of Hydrology 58, 11-27. Bullock, P., Le Houerou, H., 1996. Land degradation and desertification. In: Watson RT, Zinyowera MC, Moss RH, Dokken DJ, (Editors). Climate change 1995: Impacts, adaptations and mitigation of climate change: Scientific technical analyses. Cambridge: Cambridge University Press, pp. 170-89. Bzioui, M., 2005. Rapport sous régional sur le développement des ressources en eau en Afrique du Nord. New York: PNUD, 88p. Chakraborty, S., Ghosh, R., Ghosh, M., Fernandes, C.D., Charchar, M.J., Kelemu, S., 2004. Weather-based prediction of anthracnose severity using artificial neural network models. Plant Pathology 53, 375-386. Chtioui, Y., Francl, L.J., Panigrahi, S., 1999. micrometeorological data. Phytopathology 89, 668-672. - 96 -



Moisture



prediction



from



simple



REFERENCES



Coulibaly, P., Anctil, F., Aravena, R., Bobée, B., 2001. ANN modeling of water table depth fluctuations. Water Resources Research 37, 885-896. Cutter, S.L., 1996. Vulnerability to environmental hazards. Progress in Human Geography 20, 529-539. De Martonne, E., 1926. Une nouvelle fonction climatologique: l’indice d’aridité. La Météorologie 2, 449-459. De Wolf, E.D., Francl, L.J., 2000. Neural network classification of tan spot and Stagonospora blotch infection periods in a wheat field environment. Phytopathology 90, 108-113. Decrem, M., Oger, R., Buffet, D., Gego, E., Ozer, P., Tychon, B., Weinzaepflen, E., Eerens, H., Picard, I., 2002. Questioning the importance of crop growth simulation for prediction of winter wheat yields in Belgium. Proceeding of the of the VII congress of the European Society for agronomy, Cordoba, Spain 15-18th July 2002, pp. 261-262. Doorenbos, J., Pruitt, W.O., 1997. Crop water requirements. FAO Irrigation and Drainage Paper 24, 156p. Duchemin, B., Hadria R., Erraki, S., Boulet, G., Maisongrande, P., Chehbouni, A., Escadafal, R., Ezzahar, J., Hoedjes, J.C.B., Kharrou, M.H., Khabba, S., Mougenot, B., Olioso, A., Rodriguez, J.C., Simonneaux, V., 2006. Monitoring wheat phenology and irrigation in Central Morocco: on the use of relationships between evapotranspiration, crops coefficients, leaf area index and remotely-sensed vegetation indices. Agricultural Water Management 79, 1-27. El Jihad, M.D., 2003. Aspects and frequencies of seasonal droughts in the Upper basin of the Oum er Rbia (central Morocco). Sécheresse 14, 157-167. Emberger, L., 1936. Présentation de la carte phytogéographique du Maroc au 1/1500000. C R Séanc. Mens. Soc. Sci. Nat. Phys. Maroc 4, 28-29. Falkenmark, M. 1986. Fresh water - time for a modified approach. Ambio 15, 192-200. Falkenmark, M., 1995. Land-water linkages - A synopsis in land and water integration and river basin management. FAO Land and Water Bulletin n°1, 15-16 FAO, Rome, Italty. Foody, G.M., 2003. Geographical weighting as a further refinement to regression modelling: An example focused on the NDVI-rainfall relationship. Remote Sensing of Environment 88, 283293. Genovese, G., Vignolles, C., Nègre, T., Passera, G., 2001. A methodology for a combined use of normalised difference vegetation index and CORINE land cover data for crop yield monitoring and forecasting. A case study on Spain. Agronomie 21, 91-111.



- 97 -



REFERENCES



Gleick, P.H., 1992. Effects of climate change on shared fresh water resources. In: Mintzer IM, (Editors). Confronting climate change: Risks, implications and responses. Cambridge: Cambridge University Press, pp. 127-40. Gommes, R., 1997. Prévision agrométéorologique des rendements et quelques moyens et méthodes utilisés par la FAO dans un contexte de sécurité alimentaire. In: Tychon B, Tonnard V, (Editors). Estimation de la production agricole à une échelle régionale. Luxembourg: Union Européenne, pp. 145-176. Greene, W.H, 2003. Econometric Analysis (5th Ed.), Prentice Hall, New Jersey, 1004p. Hammer, G.L., Nicholls, N., 1996. Managing for climate variability: the role of seasonal climate forecasting in improving agricultural systems. In: Proc. Second Australian Conference on Agricultural Meteorology. Melbourne: Australian Bureau of Meteorology, 1996, pp. 19-27. Hammer, G.L., Hansen, J.W., Phillips, J.G., Mjelde, J.W., Hill, H., Love, A., Potgieter, A., 2001. Advances in application of climate prediction in agriculture. Agricultural System 70, 515-53. Hargreaves, G.H., 1972. The evaluation of water deficiencies. Age of changing priorities for land and water, irrigation drainage speciality conference. Amer. Soc. Civil Engineers. Spokane Wash. Hasenauer, H., Monserud, R.A., Gregoire, T.G., 1998. Using simultaneous regression techniques with individual-tree growth models. Forest Science 44, 87-95. Hayas, M.J., Decker, W.L., 1996. Using NOAA AVHRR data to estimate maize production in the United States Corn Belt. International Journal of Remote Sensing 17, 189-200. Hulme, M., 1992. Rainfall changes in Africa: 1931–1969 to 1961–1990. Int. J. Climatology 12, 685-699. Hurrell, J.W., van Loon, H., 1997. Decadal variations in climate associated with the North Atlantic oscillation. Climate Change 36, 301-326. Jensen, M.E., Haise, H.R., 1963. Estimating evapotranspiration from solar radiation. Journal of Irrigation and Drainage Division. ASCE 89, 15-41. Jensen, M.E., Wright, J.L., Pratt, B.J., 1971. Estimating soil moisture depletion from climate, crop and soil data. Trans. ASAE 14, 954-959. Jlibene, M., Balaghi, R., Douimi, R., 2003. A practical approach, for developing wheat yields prediction models in Morocco, based on data from rainfall and major biotic and abiotic stresses. Ispra: European Agro-phenology Meeting, 4-5th December, 2003. Jones, D.R., 1982. A statistical inquiry into crop-weather dependence. Agric. Meteorol. 26, 91104.



- 98 -



REFERENCES



Kamarianakis, Y., Le Gallo, J., 2003. The evolution of regional productivity disparities in the European Union, 1975-2000, Working Papers of GRES - Cahiers du GRES 2003-15, Groupement de Recherches Economiques et Sociales. Kefyalew, G., Martin, K.L., Anderson, R.H. Arnall, D.B., Brixey, K.D., Casillas, M.A., Chung, B., Dobey, B.C., Kamenidou, S., Kariuki, S.K., Katsalirou, E.E., Morris, J.C., Moss, J.Q., Rohla, C.T., Sudbury, B.J., Tubana, B.S., Raun., W.R., 2005. Mid-Season Prediction of Wheat Grain Yield Potential Using Plant, Soil, and Sensor Measurements. Journal of Plant Nutrition ( in press). Kijne JW., 2003. Unlocking the water potential of agriculture. Rome: Food and Agriculture Organization of the United Nations (FAO), 62p. ftp://ftp.fao.org/agl/aglw/docs/unlocking_e.pdf Knippertz, P., Christoph, M., Speth, P., 2003. Long-term precipitation variability in Morocco and the link to the large-scale circulation in recent and future climates. Meteorology and Atmospheric Physics 83, 67-88. Kogan, F.N., 1995. Droughts of the late 1980s in the United States as derived from NOAA polar orbiting satellite data. Bulletin of the American Meteorological Society 76, 655-68. Kogan, F.N., 1997. Global drought watch from space. Bulletin of the American Meteorological Society 78, 621-36. Kogan, F.N., 2000 (a). Contribution of Remote Sensing to Drought Early Warning. in: D.A.Wilhite, M.V.K. Sivakumar, A.W. Deborah, (Editors). Early Warning Systems for Drought Preparedness and Drought Management. World Meteorological Organization, Lisbon, pp. 86-100. Kogan, F.N., 2000 (b). Global drought detection and impact assessment form space. In: Wilhite DA, (Editors). Drought: A Global Assessment. Routledge: Kluwer Academic, pp. 196-210. Kogan, F.N., 2001. Operational space technology for global vegetation assessment. Bulletin of the American Meteorological Society 82, 1950-1964. Kutner, M.H., Nachtsheim, C.J., Neter, J., Li, W., 2005. Applied Linear Statistical Models: Fifth edition New York: McGraw-Hill. Lage, M., Bamouh, A., Karrou, M., El Mourid, M., 2003. Estimation of rice evapotranspiration using a microlysimeter technique and comparison with FAO Penman-Monteith and Pan evaporation methods under Moroccan conditions. Agronomie 23, 625-631. Landau, S., Mitchell, R.A.C., Barnet, V., Colls, J.J., Craigon, J., Moore, K.L., Payne, R.W., 1998. Testing winter wheat simulation models predictions against observed UK grain Yield. Agriculture and Forest Meteorology 89, 85-99.



- 99 -



REFERENCES



Landau, S., Mitchell, R.A.C., Barnett, V., Colls, J.J., Craigon, J., Payne, R.W., 2000. A parsimonious, multiple-regression model of wheat yield response to environment. Agricultural and Forest Meteorology 101, 151-166. Lankin, G., Worner1, S.P., Samarasinghe, S., Teulon, D.A.J., 2001. Can artificial neural network systems be used for forecasting aphid flight patterns? New Zealand Plant Protection 54, 188-192. Le Houerou, H.N., 2004. An Agro-Bioclimatic Classification of Arid and Semiarid Lands in the Isoclimatic Mediterranean Zones. Arid Land Research and Management 18, 301-346. Lee, A.F.S., Heghinian, S.M., 1977. A Shift Of The Mean Level In A Sequence Of Independent Normal random Variables-A Bayesian Approach. Technometrics 19, 503-506. Liu, W.T., Kogan, F.N., 1996. Monitoring regional drought using the Vegetation Condition Index. International Journal of Remote Sensing 17, 761-82. Ma, B.L., Dwyer, L.M., Costa, C., Cober, E.R., Morrison, M.J., 2001. Early Prediction of Soybean Yield from Canopy Reflectance Measurements. Agronomy Journal 93, 1227-1234. Makkink, G. F. 1957. Testing the Penman formula by means of lysimeters. International Journal of Water Engineering 11, 277-288. Maselli, F., Romanelli, S., Bottai, L., Maracchi, G., 2000: Processing of GAC NDVI data for yield forecasting in the Sahelian region. International Journal of Remote Sensing 21, 3509-3523. Mayaux, P., Bartholomé, E., Fritz, S., Belward, A., 2004. A new land-cover map of Africa for the year 2000. Journal of Biogeography 31, 861-77. Mehta, J.S., Swamy, P.A.V.B., 1976. Further evidence on the relative efficiencies of Zellner's seemingly unrelated regression estimator. Journal of the American Statistical Association 71, 634-639. Mo, X., Liu, S., Lin, Z., Xu, Y., Xiang, Y., McVicar, T.R., 2005. Prediction of crop yield, water consumption and water use efficiency with a SVAT-crop growth model using remotely sensed data on the North China Plain. Ecological Modelling 183, 301-322. Moghli, E., Benjelloun Touimi, M., 2000. Valorisation de l’eau d’irrigation par les productions végétales dans les grands périmètres irrigués au Maroc. Transfert de Technologie en Agriculture 66, 1-4. Mrabet, R., 2000. Differential response of wheat to tillage management systems under continuous cropping in a semiarid area of Morocco. Field Crops Research 66, 165-174. Mrabet, R., 2002. Stratification of soil aggregation and organic matter under conservation tillage systems in Africa. Soil and Tillage Research 66, 119-128.



- 100 -



REFERENCES



Oroda, A., 2001. The International Archives of the Photogrammetry. Remote Sens. Spatial Inform. Sci. XXXIV, 66-72 Part 6/W6. Paliouras, G., Jessen, H.C., 1999. Statistical and Learning Approaches to Nonlinear Modeling of Labour Force Participation. Neural Network World 9, 341-363. Parish, R., Funnell, D.C., 1999. Climate change in mountain regions: Some possible consequences in the Moroccan High Atlas. Global Environmental Change 9, 45-58. Paturel, J.E., Servat, E., Delattre, M.O., Lubes-Niel, H., 1998. Analyse de séries pluviométriques de longue durée en Afrique de l’Ouest et Centrale non sahélienne dans un contexte de variabilité climatique. Hydrological Sciences Journal 43, 937-946. Penman, H.L., 1956. Evaporation: an introductory survey. Netherlands Journal of Agricultural Science 4, 9-30. Pettitt, A.N., 1979. A non-parametric approach to the change-point problem. Applied Statistics 28, 126-135. Prasad, A.K., Chai. L., Singh, R.P., Kafatos, M., 2006. Crop yield estimation model for Iowa using remote sensing and surface parameters. International Journal of Applied Earth Observation 8, 26-33. Priya, S., Shibasaki, R., 2001. National spatial crop yield simulation using GIS-based crop production model. Ecological Modelling 135, 113-129. Quarmby, N.A., Milnes, M., Hindle, T.L., Silicos, N., 1993. The use of multitemporal NDVI measurements from AVHRR data for crop yield estimation and prediction. International Journal of Remote Sensing 14, 199-210. Rodriguez J.C., Duchemin, B., Hadria, R., Watts, C., Garatuza, J., Chehbouni, A., Khabba, S., Boulet, G., Palacios E., Lahrouni A., 2004. Wheat yield estimation using remote sensing and the STICS model in the semiarid Yaqui valley, Mexico. Agronomie 24, 295-304. Rose, C.E., Lynch, T.B., 2001. Estimating parameters for tree basal area growth with a system of equations and seemingly unrelated regressions. Forest Ecology and Management 148, 51-61. Rouse, J.W., Haas, R.H., Schell, J.A., Deering, D.W., Harlan, J.C., 1974. Monitoring the vernal advancements and retrogradation (greenwave effect) of nature vegetation, NASA/GSFC Final Report, NASA, Greenbelt, MD, USA, pp. 1-137. Royer, A., Genovese G., 2004. Methodology of the MARS crop yield forecasting system. Vol. 3: Remote sensing information, data processing and analysis. AgriFish unit, Joint Research Centre of the European Commission, Ispra, Italy. ISBN 92-894-8182-X, 76pp. (EUR 21291 EN/3) http://agrifish.jrc.it/marsstat/Crop_Yield_Forecasting/ METAMP/



- 101 -



REFERENCES



Samonte-Tan, G.P.B., Davis, G.C., 1998. Economic analysis of stake and rack-hanging methods of farming oysters (Crassostrea iredalei) in the Philippines. Aquaculture 160, 239-249. Sauvage, C., 1963. Le coefficient pluviothermique d’Emberger, son utilisation et la représentation géographique de ses variations au Maroc. Ann. Ser. Phys. du Globe et de la Météorologie Institut Chérifien 20, 11-23. Seiler, R.A., Kogan, F.N., Wei, G., 2000. Monitoring weather impact and crop yield from NOAA AVHRR data in Argentina. Advances in Space Research 26, 1177-1185. Sinclair, T.R., Seligman, N., 2000. Criteria for publishing papers on crop modelling. Field Crops Research 68, 165-172. Skees, J., R., Gober, S., Varangis, P., Lester, R. and Kalavakonda, V., 2001. Developing Rainfall Based Index Insurance in Morocco. World Bank Policy Research Working Paper 2577. http://ideas.repec.org/p/wbk/wbrwps/2577.html Smale, M., Mengb, E., Brennan, J.P., Hu, R., 2003. Determinants of spatial diversity in modern wheat: examples from Australia and China. Agricultural Economics 28, 13-26. Smith, M., 1991. Report on the expert consultation on procedures for revision of FAO Guidelines for prediction of crop water requirements. United Nations - Food and Agriculture Organization, Rome, Italy. Sparks, R.S., 1987. Selecting estimators and variables in the seemingly unrelated regression model. Commun. Statist.-Simula. 16, 99-127. Sparks, R.S., 2004. SUR Models Applied to an Environmental Situation With Missing Data and Censored Values. Journal of Applied Mathematics and Decision Sciences 8, 15-32. Srivastava, V.K., Giles, D.E.A., 1987. Seemingly Unrelated Regression Equations Model: Estimation and Inference, New York, Marcel Dekker. Steel, R.G.D., Torrie, J.H., 1988. Principles and procedures of statistics. McGraw Hill, New York, USA, 633p. Stoikos, G., 1995. Sugar beet crop yield prediction using artificial neural networks. In: Proceedings of the Modern Automatic Control Technologies Conference. Athens, pp. 120-122. Tam, C.M., Tong T.K.L., Sharon, L.Tse., 2002. Artificial neural networks model for predicting excavator productivity. Engineering, Construction and Architectural Management 9, 446-452. Thornthwaite, C.W., 1948. An approach toward a rational classification of climate. Geographical Review 38, 55-94. Turc, L., 1963. Evaluation des besoins en eau d'irrigation, évapotranspiration potentielle, formulation simplifié et mise à jour. Annales Agronomiques 12, 13-49.



- 102 -



REFERENCES



Tychon, B., Balaghi, R., Jlibene, M., 2002. Risk water management in agricultural water use. In: Water source of food security. Prospects for agricultural water use in the 21st Century. International Electronic Conference organized by the Land and Water Development Division of the Food and Agriculture Organization of the United Nations (FAO). Roma, Italy. http://www.fao.org/ag/agl/aglw/wsfs/index.stm Unganai, L. S., Kogan, F.N., 1998. Drought monitoring and corn yield estimation in southern Africa from AVHRR data. Remote Sensing of Environment 63, 219-232. Van Oijen, M., 2002. On the use of specific publication criteria for papers on process-based modelling in plant science. Field Crops Research 74, 197-205. Warner, B.A., Misra, M., 1996. Understanding Neural Networks as Statistical Tools. American Statistician 50, 284-293. Weissteiner, C.J., Kühbauch, W., 2005. Regional Yield Forecasts of Malting Barley (Hordeum vulgare L.) by NOAA-AVHRR Remote Sensing Data and Ancillary Data. Journal of Agronomy and Crop Science 191, 308-320. Wendroth, O., Reuter, H.I., Kersebaum, K.C., 2003. Predicting yield of barley across a landscape: a state-space modeling approach. Journal of Hydrology 272, 250-263. Yacoubi, M., Chbouki, N, Stockle, C.O., 1998. Typologie de la sécheresse et recherche d’indicateurs d’alerte en climat semi-aride marocain. Sécheresse 9, 269-76. Zellner, A., 1962. An efficient method of estimating seemingly unrelated regression equations and tests for aggregation bias. Journal of the American Statistical Association 57, 348-368.



- 103 -



























[image: Genetic enhancement for grain yield in chickpea]
Genetic enhancement for grain yield in chickpea












[image: Research Note Genetic parameters for grain yield and ...]
Research Note Genetic parameters for grain yield and ...












[image: Grain Yield Response Of Rice Cultivars Under ... - Semantic Scholar]
Grain Yield Response Of Rice Cultivars Under ... - Semantic Scholar












[image: Ensemble of Cubist models for soy yield prediction ...]
Ensemble of Cubist models for soy yield prediction ...












[image: Grain Yield Response Of Rice Cultivars Under ... - Semantic Scholar]
Grain Yield Response Of Rice Cultivars Under ... - Semantic Scholar












[image: grain yield (3462 kg ha]
grain yield (3462 kg ha") obtained under ridges












[image: Various irrigation cycles effect on grain yield, proline ...]
Various irrigation cycles effect on grain yield, proline ...












[image: Grain yield stability of single cross maize (Zea ... - Semantic Scholar]
Grain yield stability of single cross maize (Zea ... - Semantic Scholar












[image: Modeling Online Reviews with Multi-grain Topic Models - Ivan Titov]
Modeling Online Reviews with Multi-grain Topic Models - Ivan Titov












[image: Modeling Online Reviews with Multi-grain Topic Models - Ivan Titov]
Modeling Online Reviews with Multi-grain Topic Models - Ivan Titov















Wheat grain yield forecasting models for food security ...






on non-renewable inputs, producing large amounts of food but with negative .... Water resources availabilities in Morocco have been studied in term of institutional and .... SUR models are applied when different OLS models must be analyzed ... 






 Download PDF 



















 4MB Sizes
 4 Downloads
 187 Views








 Report























Recommend Documents







[image: alt]





Genetic enhancement for grain yield in chickpea 

May 29, 2007 - Germplasm characterization data was summarized; catalogs were prepared .... Embryo rescue technique has been found quite useful in ...














[image: alt]





Research Note Genetic parameters for grain yield and ... 

Technology and Sciences, (Deemed to -be- University), Allahabad-211007, Uttar .... VP. VG. PCV. (per cent). GCV. (per cent). Haritability. (bs) per cent. Genetic.














[image: alt]





Grain Yield Response Of Rice Cultivars Under ... - Semantic Scholar 

The correlation, path analysis and drought indices viz., relative yield (RY) and ... correlation and the path analysis were calculated as per INDOSTAT package.














[image: alt]





Ensemble of Cubist models for soy yield prediction ... 

[12] Henderson Communications LLC â€œSyngenta Seeds Develops. First Ever Soybean ... Non-destructive opti- cal detection of pigment changes during leaf ...














[image: alt]





Grain Yield Response Of Rice Cultivars Under ... - Semantic Scholar 

when evaluated under controlled irrigation condition. ... irrigation condition and b) upland condition with .... cultivar performance for cultivar x location data.














[image: alt]





grain yield (3462 kg ha") obtained under ridges 

rain water collected in the furrows improves the soil moisture ... Research improvement project for dry land ... regimes on plant water status parameters viz.














[image: alt]





Various irrigation cycles effect on grain yield, proline ... 

Abstract: Drought stress globally affects the growth and production of plants. Wheat is an important crop whose research in this aspect is highly noticeable related to food quality. In recent study, the effects of two different irrigation cycles (wee














[image: alt]





Grain yield stability of single cross maize (Zea ... - Semantic Scholar 

Many methods of analysis for stability have been proposed ... 1991) for easy interpretation of genotype and ... Data of the analysis of variance showed that grain.














[image: alt]





Modeling Online Reviews with Multi-grain Topic Models - Ivan Titov 

a wide range of services beyond just restaurants and hotels. Fine-grained ...... els managed to capture only few ratable aspects: MG-LDA ... pricing. $ night rate price paid worth pay cost charge extra day fee parking. MG-LDA beach resorts beach ocea














[image: alt]





Modeling Online Reviews with Multi-grain Topic Models - Ivan Titov 

H.3.1 [Information Systems]: Content Analysis and In- dexing; H.4 [Information Systems]: Information ... Recently, there has been a focus on systems that produce fine-grained sentiment analysis of user reviews [19, 27, 6, ..... taking into account as


























×
Report Wheat grain yield forecasting models for food security ...





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















