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b Université de Liège, Faculté des Sciences, Département des Sciences et Gestion de l’Environnement, B 6700 Arlon, Belgium

c Vlaamse Instelling voor Technologisch Onderzoek (VITO), Boeretang 200, B-2400 Mol, Belgium

Received 13 June 2006; accepted 19 December 2006

Abstract

In Morocco, no operational system actually exists for the early prediction of the grain yields of wheat (Triticum aestivum L.).

This study proposes empirical ordinary least squares regression models to forecast the 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 raster 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 least 1 month before harvest. At the provincial and national levels,

most of the yield variation was accounted for by NDVI. The proposed models can be used in an operational context to early forecast

wheat yields in Morocco.
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1. Introduction

An operational forecasting system for the grain

yields of bread wheat (Triticum aestivum L.) could help

Moroccan producers and policy-makers to make early
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decisions and plan annual imports. It could also play a

role in the implementation of the national drought risk

management program, which is conducted by the

National Drought Observatory since the year 2000. The

system could also enhance the national drought

insurance program, which currently uses a rainfall

model with moderate accuracy (Skees et al., 2001). But

no such prediction tool exists in Morocco and so far the

official estimations are based on costly field surveys,

while the data are released only a few days before or

even after the end of the season.

Cereals are a strategic food in Morocco. With 210 kg

per capita, the consumption is one of the highest in the

world, but it is not entirely covered by local production.
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In 2002, cereals represented 38% of the cost of all

agricultural imports (Haut Commissariat au Plan,

2003). Rural population represents 45% of the total

population (29.9 million in 2004; Haut Commissariat au

Plan, 2005). Agricultural production has a relatively

high contribution to the Gross Domestic Product

(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; Haut Commissariat au Plan, 2003).

Drought occurrence has significantly increased in the

recent past. In the 40 years from 1940 to 1979, only five

were affected by drought events (12.5%). This number

rose from 6 on 16 (37.5%) over the years 1980–1995

and to 4 on 7 (57.1%) in the period 1996–2002 (Barakat

and Handoufe, 1998; Balaghi, 2000).

Standard yield forecasting tools rely on the

assumption that grain 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, which are mainly caused by

changes in rainfall and temperature. Despite the strong

dependency of agriculture on weather, Moroccan

research so far showed little interest in building

predictive crop production models. 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 years

1980–2000.

The above discussion holds for the national situation.

However, 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 figure Global

Information and Early Warning System (GIEWS) co-

ordinated by FAO and Monitoring Agriculture by

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 SPOT-

VEGETATION (since 1998). The raw registrations

are typically mosaicked and condensed into 10-daily

composites, with the Normalized Difference Vegetation

Index (NDVI) as the main image variable. Worldwide,

NDVI-data have been used extensively in vegetation

monitoring, crop yield assessment and forecasting
(Benedetti and Rossinni, 1993; Quarmby et al., 1993;

Kefyalew et al., 2006). NDVI, as registered since 1980

by the AVHRR-sensor, was frequently used as a

measure of vegetation vitality (Unganai and Kogan,

1998; Bochenek, 2000; Maselli et al., 2000; Seiler et al.,

2000; Genovese et al., 2001; Kogan, 2001). For crop

yield forecasting, many different NDVI-related meth-

ods have been reported, such as: least-squares regres-

sions (Jones, 1982), exponential-linear crop growth

algorithms (Oroda, 2001), neural networks (Stoikos,

1995), autoregressive state-space models (Wendroth

et al., 2003), geographically weighted regressions

(Foody, 2003), power function regressions (Ma et al.,

2001), non-linear piecewise regressions (Prasad et al.,

2006), numerical crop yield models (Rodriguez et al.,

2004; Mo et al., 2005) and regression models combined

with land cover maps (Genovese et al., 2001;

Weissteiner and Kühbauch, 2005).

NDVI information is particularly useful in semi-arid

regions where the state of the vegetation shows high

year-to-year variations—as is the case for the African

Mediterranean countries. In Morocco, vegetation is

operationally monitored by the Moroccan Royal Centre

for Remote Sensing in Rabat (CRTS) but there is no

linkage with crop yields due to the lack of well

established yield-NDVI models. Nevertheless, Kogan

(2000) demonstrated a strong correlation between the

information of NDVI/AVHRR and regional yields in

Morocco. Also Duchemin et al. (2006) found a strong

relation between NDVI and Leaf Area Index (LAI) in a

small region of Morocco.

The objective of this paper is to evaluate the

potentials of wheat grain yield forecasting in Morocco

by means of ordinary least squares regressions, and

using NDVI/AVHRR, rainfall and temperature as

predictors. The analysis deals with data of the period

1990–2004, and the evaluation is 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. Official statistics and growth cycle of wheat

Historical wheat statistics were acquired from the

Economic Services of the Ministry of Agriculture. The

data set contains the grain productions and planted areas

for the years 1990–2004 and for the 33 wheat-growing

provinces of Morocco (Fig. 1). These data 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
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Fig. 1. The considered provinces of Morocco with their average wheat production (1990–2004) and the location of the meteorological stations.
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Fig. 2. Evolution of the national mean grain yields of wheat in Morocco (1961–2004—adapted from Economic Services of the Ministry of

Agriculture database and FAOSTAT, 2005).
easily derived by division of the productions (kg) with

the cultivated areas (ha�1).

Fig. 2 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
Fig. 3. Typical weather conditions during the wheat growing cycle in Moroc

source: National Meteorology Direction of Morocco).
study), to make place for more erratic year-to year

fluctuations.

Fig. 3 shows the normal growth cycle of wheat in

Morocco, in relation with temperature and rainfall

(average for the years 1987–2004). The cropping
co (median rainfall and average temperature from 1987 to 2004; data
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practices are adapted to the bimodal rainfall distribution

in the country. The first peak in autumn–winter fills the

soil moisture reserves and allows establishment of the

crop. The second peak in the spring months is used for

dry matter accumulation. Sowing actually takes place

between September and December, depending on the

precocity of first precipitations in autumn. Harvest starts

around June in the South and continues until July for the

Northern regions, as temperatures rise first in the South.

2.2. Rainfall and temperature

The weather data for the concerned period 1990–

2004 were obtained from the National Meteorology

Direction. They are recorded by synoptic meteorolo-

gical stations, with roughly one station in each province

(Fig. 1).

After elimination of missing values, two time series

remained for the analysis at the provincial level:

monthly temperatures for 17 stations/provinces, and

dekadal (10-daily) rainfall sums for 23 stations/

provinces (including the 17 ones above). The 23

remaining provinces cover most agro-ecological zones

of Morocco (Fig. 1) and account for 64% of the national

wheat grain production as calculated from the official

statistics data set.

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 raster map with 1 km resolution,

addition of NDVI and compositing to dekadal syntheses

using the maximum NDVI criterion (Royer and

Genovese, 2004).

The individual reflectances in the RED and NIR

bands (near infrared) are not only influenced by

vegetation density but also by differences in solar

elevation, 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

Normalized Difference Vegetation Index (NDVI; Rouse

et al., 1974):

ð�ÞNDVI ¼ NIR� RED

NIRþ RED

NDVI/AVHRR steadily increases with vegetation

density from about 0.15 for bare soils to about 0.75 for

full green canopies.

As shown in Fig. 4, the ‘‘Pan-European’’ region of

interest of the MARS-project reaches in southwestern

direction until the point with longitude = 158W/latitu-

de = 288N, 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 � 36 dekads/year). Visual inspection pointed

out that a number of scenes suffered from poor quality,

due to bad geometric correction and/or cloud detection.

To reduce the workload, only the nine 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-rasters, median pro-

vincial and national NDVI-values were computed for

each dekad. In this computation, only the pixels

covered by rainfed croplands were accounted for

(Fig. 4). The differentiation with the non-agricultural

land use and with irrigated croplands 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 nine dekads from February till

April, the dekadal rainfall sums and monthly tempera-

ture means for all dekads/months in the relevant period

(September–May). As mentioned, the analysis is
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Fig. 4. Example of the remote sensing imagery used: NDVI/AVHRR for the 2nd dekad of March (average over the years 1990–2004). The yield

forecasting analyses only accounted for rainfed cropland. All other land use was masked out using the GLC2000 map, which is shown in the top-right

corner (Global Land Cover 2000 for Africa, version 5.0—rainfed agriculture shown in green).
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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 correla-

tions 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
� T
he sum of the NDVI-values over the nine dekads in

the months February to April. This value will further

be indicated as
P

NDVI (potential range: 1.35–6.75).
� T
he rainfall sums for all possible groups of (at least 2,

at most 11) consecutive dekads within the wheat

growing period September–May. These sums are

expressed in mm, and symbolized by combining the

start date (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.
� T
he mean air temperatures (in 8C) 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

(OLS) regression techniques. 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. Tradi-

tionally, 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 a = 5%. However, models

with 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 replicabil-

ity 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 fixed X-predictors, selected by the

stepwise regression), the LOO was implemented as

follows: remove 1 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–n), an

independent error estimate can be obtained in absolute

or relative terms

absolute error

¼
Pn

i¼1 jŶi � Yij
n

ðkg ha�1Þ; relative error

¼
Pn

i¼1½ðjŶi � Yij=YiÞ�
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 R2
p-value. The p-suffix is added to

distinguish R2
p from the less stringent R2-value, found

in the calibration.

In the background, three more diagnostic tools were

used for model evaluation: multicollinearity 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 R2
p); 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 1 and appear quite

positive, with generally high R2 and R2
p-value. From the

wide range of candidate X-predictors, the stepwise

regression always retained at most three significant ones

(
P

NDVI, and/or 1–3 rainfall periods, and/or 1
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Table 1

Regression models for the near-harvest prediction of wheat grain yield (100 � kg ha�1) at provincial level using NDVI, rainfall and air temperature

(data from 1990 to 2004)

P
NDVI = sum of dekadal NDVI from February to April, d.f. = total degrees of freedom, R2 and R2

p ¼ coefficient of determination

ðin %Þ for calibration and validation ð�;��;��� ¼ significant at 5=1=0:1% probability levelsÞ. All retained explanatory variables are significant at

least at 5% probability level. Their partial R2 (in %) is written below and between parentheses. Provinces without temperature information are

marked in italics. Provinces/models are sorted according to partial R2 of
P

NDVI 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–May and dekad = l/2/3. Temperature periods: for

instance, t02 = temperature in February, t02t04 = mean temperature over period from February to April. Harvest takes place between June and July.
temperature period). Their relative importance can be

judged via the partial R2-values, which are tabulated as

well. Fig. 5 shows the true versus predicted yield

scattergrams for two provinces: Meknès and Settat. The

R2 and R2
p-value of Table 1 are repeated in Table 2,
together with each province’ relative importance for

Moroccan wheat production and contribution in the

overall estimation error. Important wheat producers

(Kenitra, Beni Mellal, Meknès, Settat, . . .) should have

good regression models and relatively low error
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Fig. 5. Relation between observed and predicted wheat yields for: (A) Meknes, (B) Settat, (C) average of the 23 considered provinces and (D)

national model 5 in Table 4. Data from 1990 to 2004.
contributions, while less stringent demands can be put

on the other provinces.

In a side-analysis, the question was raised to what

extent
P

NDVI is related to rainfall and temperature.

Therefore, the same regression technique was per-

formed but with
P

NDVI as dependent Y-variable. The

results are shown in Table 3. Here too, the stepwise

regression always retained at most three significant

X-predictors.

Yield estimates are most often requested for the

national level. As outlined in Fig. 5, two solutions exist.
One can either take the mean of the provincial estimates

weighted by their respective agricultural area (Fig. 5C),

accepting that (in this case) they only represent 64% of

Moroccan wheat production. Or the regression can

directly be implemented on the national database

(Fig. 5D), 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 4 shows the

results of some ‘‘early season forecasts’’, holding for
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Table 2

Wheat grain yield estimation errors per province in relation to their contributions to the total error and grain production (see also Fig. 1)

Province Contribution to

grain productiona

R2 (%) R2
p ð%Þ Contribution to

total errorb (%)

Absolute errorc

(100 � kg ha�1)

Safi 4.1 97*** 92*** 3.5 1.12

El Jadida 6.4 90*** 82*** 3.4 1.55

Fes 5.5 97*** 93*** 4.5 1.68

Khouribga 1.9 97*** 92*** 2.0 1.06

Kenitra 24.8 93*** 86*** 19.0 2.36

Essaouira 0.3 85*** 80*** 0.6 1.12

Taza 1.4 96*** 90*** 1.8 1.57

Meknes 9.1 98*** 94*** 7.9 1.77

Settat 9.1 97*** 91*** 7.1 1.58

Casablanca 1.7 78** 62** 3.2 4.99

Nador 2.5 80*** 51** 5.3 2.53

Rabat 1.8 88*** 38* 5.6 7.62

El Hoceima 0.8 86*** 68*** 1.2 1.69

Ifrane 1.1 96*** 92*** 1.6 0.88

Larache 1.2 98*** 91*** 0.4 0.80

Tetouan 0.4 92*** 79*** 0.2 1.17

Agadir 2.1 90*** 83*** 3.9 1.97

Oujda 2.3 84*** 73*** 5.1 1.58

Beni Mellal 18.1 82*** 66*** 14.1 1.99

Tangier 0.1 82*** 69*** 0.1 1.71

Marrakech 2.6 72*** 59*** 7.2 2.28

Ouarzazate 1.8 64** 42** 2.4 3.09

Errachidia 0.9 0 0 – –

Overall 100.0 100.0 0.55d

Error data obtained via the independent leave-one-out cross-validation. R2 and R2
p are copied from Table 1, and provinces are sorted in the same way.

Data from 1990 to 2004.
a Provincial grain production divided by the total of the 23 provinces (1 495 ktonnes/year, mean over 1990–2004).
b 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. 5c.
the national level and starting from mid-March

onwards, i.e. two and a half months before the earliest

harvests. These forecasts are only based on the limited

information available before the prediction date.

5. Discussion

5.1. Near-harvest yield prediction at the provincial

level

At the level of the 23 provinces (Table 1), all

regression models had highly significant R2-values

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 2

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 (ca. 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. European

agro-statisticians qualify wheat yield estimates as ‘‘very

good’’ when the forecasting errors are below

200 kg ha�1 (Genovese et al., 2006). According to

Table 2, most of the important wheat-producing regions

are close to or below this threshold, while the average

error is even far smaller (55 kg ha�1).

5.2. Role of the different explanatory variables

The nature of the explanatory variables selected by

the stepwise regression can be judged by inspection of

the partial R2-values in Table 1, and varies in a

geographical sense. Apparently,
P

NDVI is by far the

most important explanatory variable, especially in the
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Table 3

Regression models for the relationship between
P

NDVI (sum of dekadal NDVI from February to April) and weather data (rainfall, temperature) for

the 23 considered provinces

Data from 1990 to 2004. 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 parentheses. 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–May and dekad = l/2/3. Temperature periods: for instance, t02 = temperature in February, t02t04 = mean temperature over

period from February to April.
rainfed areas (13 provinces on 23), while rainfall and

temperature are more important in arid, high rainfall

areas (6 provinces on 23). In fact, we found thatP
NDVI explained most of the grain yield variability

for 69.4% of the total production (Table 2). 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
ðt02Þ ¼ 74%��� for

Tetouan, R2
ðt05Þ ¼ 21%��� for Tangier), and marginally

in some central and sub-humid areas of the country
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Table 4

Regression models for the early season forecasting of wheat grain yield (100 � kg ha�1) at national level using national
P

NDVI (median NDVI

over all rainfed 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; data from 1990 to 2004)

Harvest takes place between June and July. d.f. = Total degrees of freedom, R2 and R2
p ¼ coefficient of determination ðin %Þ for

calibration and validation ð��� ¼ significant at 0:1% probability levelÞ. All retained explanatory variables are significant at least at 5% probability

level. Their partial R2 (in %) is written below and between parentheses. 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–May and dekad = 1/2/3.
(R2
ðt04Þ ¼ 6%�� for Taza, R2

ðt03t04Þ ¼ 5%�� for Meknès).

But whereas
P

NDVI 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 1). This agrees with the

observations by Bakker et al. (2005) for many countries

in Europe. High temperatures may increase evaporation

rate, speed up crop development and shorten the

growing period, which in turn reduce the final yield.

5.3. Variation of
P

NDVI with rainfall and

temperature

Table 3 shows the results of the side-analysis whereP
NDVI was regressed against the weather data. For a

number of provinces along the northwestern coast, no

clear relationship could be found (Tetouan, Tangier,

Larache, Kenitra, El Jadida, also Rabat). But elsewhereP
NDVI often appeared to contain already most of the

information on weather and, particularly on rainfall.P
NDVI 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
ðrainfallÞ � 80%) but

against expectations, it seems to decrease slightly

towards the drier zones in the southwest (R2
ðrainfallÞ

around 60% for Agadir, Ouarzazate, Errachidia and

Oujda). Due to the masking with the GLC2000 map,

this observation only holds for the cropland. For the

natural vegetation, one would rather expect a higher

correlation between
P

NDVI and rainfall for these drier

provinces. Compared to rainfall, air temperature only

plays a secondary role in the explanation of
P

NDVI

variability in Morocco. It was only significant for a few

provinces, with rather low partial R2-values

(R2
ðt03Þ ¼ 26%� for Meknès, 25%** for Ouarzazate,

23%* for Taza). While for the grain yields, the

temperature impact is always negative (or non-existent),

high temperatures mostly give rise to higher
P

NDVI

(except for the arid province of Ouarzazate).

5.4. Near-harvest yield prediction at the national

level: 2 approaches

Nation-level yield estimates can be obtained by

averaging the outcomes of the provincial regression

models. According to Fig. 5C, this approach gives

excellent results. The correspondence between pre-
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dicted and observed yields is highly significant

(R2
p ¼ 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 ktonnes, the same relative error of 4.5% corre-

sponds to 105 ktonnes of grain. Apparently attractive,

the method, however, has two drawbacks: the elabora-

tion 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, medianP
NDVI of all rainfed 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. 5D. Of course, when compared to the

more detailed, province-based analysis (Fig. 5C), the

errors do increase, but only in a moderate way, from 55 to

73 kg ha�1, i.e. still far below the excellence threshold of

200 kg ha�1 proposed by Genovese et al. (2006). The

advantages of simplicity and representativity probably

compensate the minor loss in precision. The relative

errors (4.5% for the provincial means, 6.8% for the

national approach) are much lower than the multi-annual

yield fluctuations around the long-term mean over the

period 1990–2004 (34.7%, see Fig. 2).

5.5. Early season yield forecasting at the national

level

Table 4 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. We

remind that wheat is harvested in June–July, starting in

the south and steadily progressing towards the north.

Table 4 indicates that the reliability of the forecasts is

very high, even for the earliest dates (R2
p ¼ 92%���). Just

like the final post-harvest estimation (not shown), all
these forecasts are based on three explanatory variables:

rainfall in autumn,
P

NDVI (from early February to just

before the forecast date) and rainfall in winter–spring.

But, 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 favour ofP
NDVI (66–85%). Although the differences are small,

the forecast of April 21 can be considered as the ‘‘best

choice’’ (model 5 in Table 4, see also Fig. 5D).

Given the growing impact of
P

NDVI, we finally

tested the reliability of the early May forecasts, with and

without rainfall data (models 6 and 7 in Table 4).

Omission of rainfall eliminates the burdens of meteor-

ological data processing, but using only the remotely

sensed
P

NDVI causes the yield estimation error to

increase from 82 to 165 kg ha�1 (7.4–14.6%). This

relative error of 14.6% (in validation mode) is compar-

able 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 factors (NDVI/

AVHRR, rainfall, temperature—all integrated over

specific periods) explain the bulk of the variability in

Moroccan wheat grain yields, the remaining ‘‘unex-

plained 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, soils,

cultural practices, neglected weather effects, etc.).

Diseases like Hessian fly (Mayetiola destructor, Say)

can cause wheat yield reductions of 42% in some

Moroccan provinces (Amri et al., 1992). 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 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 show less variability than the outbreak of diseases.

But although all these factors are not explicitly included

in the regression models, it might be argued they are at

least partly accounted for via the NDVI (or
P

NDVI),

which reflects the state of the vegetation.

6. Conclusions

This study presented a number of statistical regression

models for the assessment of wheat grain yields in
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Morocco. Being intended for use by decision-makers, the

tools were designed to be simple, transparent and based

on readily available data and long-established meth-

odologies. Wheat grain yield could be predicted with

high accuracy using empirical regression models and

information on weather (rainfall and temperature),

vegetation state (NDVI) and land cover (GLC2000).

The NDVI-imagery registered by the earth observation

system NOAA-AVHRR was adapted and refined in three

ways: use of 10-daily NDVI composites, computation of

the median of the rainfed cropland pixels per province

and temporal integration by summing the provincial

values (
P

NDVI) over important growing stages (tiller-

ing, stem elongation, flowering).

At the provincial level, wheat yields could be assessed

around harvest time with errors varying from 80 to

762 kg ha�1 depending on the region. For the major

wheat-producing provinces, the error mostly remained

below the acceptance threshold of 200 kg ha�1 used in

European agro-statistics (Genovese et al., 2006). Early

forecasts of mid-April (about 2 months before harvest)

and based on NDVI and rainfall, retrieved national wheat

yields with errors of only 73 kg ha�1. The proposed

national models appeared robust, as the R2-shrinkage

between calibration and validation remained low for all

forecasting dates (starting from mid-March). In fact, the

well contrasted seasons of the last 15 years offered the

opportunity to build regression models with a wide

application range, counter-balancing as well the lack of

long term time series. Among the considered yield

predictors, NDVI appeared by far the most important,

especially in rainfed areas, while rainfall and temperature

gained more significance in arid, high rainfall areas. In

fact, NDVI explained more than 40% of the yield

variations in 14 of the 23 considered provinces (Table 1),

and more than 66% of the yield variations at the national

level (Table 4).

As the proposed methodology allows to deliver early

wheat yield forecasts in a fast and cheap way, it could be

considered as a promising complement to the survey-

based yield assessments, which are currently applied by

the Ministry of Agriculture in Morocco. In the

meantime, the same approach was also applied

successfully for the yield assessment of two other

important cereals in Morocco: durum wheat and barley.

Most probably, the method can be transferred as well to

other countries with similar climatic conditions.
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