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Abstract Information about land cover is required for

economic, agricultural and environmental policy making.

Therefore, reliable up-to-date information is always called

upon. In this study, we developed a new approach for land

cover mapping based on the information of vegetation

phenology. The main objective of this approach was to

generate a land cover map of large cropland dominated

area with high classification accuracy. Our approach con-

sisted of two steps: first, we divided the study area into

three land use groups depending on the phenology trend of

cereals. Second, we applied a supervised classification for

each group using the Maximum Likelihood Classifier and

multi-date satellite images. Recent multi-temporal Landsat

8 images and field survey data were used for the classifi-

cation process. To assess the robustness of this approach, a

conventional supervised classification was performed using

single date and multi-date images. Results indicated that

the proposed approach is able to discriminate between

different land cover types which have a similar spectral

reflectance such as cereals, vegetables and pasture with

high accuracy. The accuracy assessment showed very

promising results with an overall accuracy of 86 % and a

Kappa of 0.85 (good agreement) as compared to the single

date (54–55 %) and the multi-date approach (78 %).

Indeed, the application of this method provides accurate

information for ecologists, hydrologists and the land

development decision-makers. It can also improve the

accuracy of environmental models that require high reso-

lution land cover maps as input data.

Keywords Land cover mapping � Landsat 8 � Cropland
dominated area � Vegetation phenology � High accuracy

Introduction

Land cover is the observed (bio) physical cover of the

earth’s surface [13]. Information about its spatial distri-

bution is often a required input for many hydrological,

climate and ecological models that aim to manage natural

resources and assist decision-making face to environmental

issues. Field surveys, literature review, map interpretation

and collateral and ancillary data analyses are the traditional

approaches for land cover mapping. However, they are not

effective because they are time consuming, date lagged and

often too expensive [82]. Over the past decades, new

computer assisted methods based on remote sensing tech-

nologies, pattern recognition algorithms and geographic

information systems (GIS) have been developed for land

cover mapping and change monitoring [60]. Two types of

methods can be distinguished: conventional and improved.

The common conventional methods are the unsupervised

and supervised classifications. Unsupervised classification

is often used in thematic mapping because it is easy to

apply and available in image processing software packages

[39]. This method aims at classifying pixels according to

their reflectance properties using clustering algorithms

such as K-means and ISODATA. Moreover, derived clus-

ters are assigned by the user. However, in the supervised

classification method, different land cover classes should

be defined in advance. Properties of these classes are
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learned from ground truth data (training samples). Then,

pixels are classified according to their probability to belong

to one of these classes based on statistical algorithms such

as Maximum Likelihood or Minimum Distance algorithms.

Despite advances in remote sensing technologies, con-

ventional image classification methods are still unable to

produce land cover maps with high accuracy. Many

researchers have developed improved methods to increase

the classification accuracy

[8, 9, 14, 18, 27, 29, 66, 69, 71, 72]. Lu and Weng [47]

reviewed these methods and concluded that per-field or

object oriented classification algorithms outperform per-

pixel classifiers; methods based on a combination of

spectral and texture information can reduce the impact of

shadow resulting from topography, vegetation stand

structures and wind spectral variation within the land cover

classes; and nonparametric classifiers such as neural net-

work, decision tree classifiers and knowledge-based clas-

sification are suitable for multisource data classification.

Other researchers have developed hybrid methods that

incorporate the advantages of different classification

methods. Keuchel et al. [37] found that after the application

of unsupervised classification for classifying the training

samples into different subclasses, Maximum Likelihood

Classifier (MLC), iterated conditional modes and support

vector machine (SVM) methods gave satisfactory results

with a statistical overall accuracy of about 90 %. Lo and

Choi [45] found that the application of supervised fuzzy

classification, after extracting homogenous clusters derived

from an unsupervised classification, improved the classifi-

cation accuracy up to 91.5 %. Thapa and Murayama [73]

developed a GIS post processing approach taking into

consideration the advantages of three different approaches

(unsupervised, supervised and fuzzy supervised) to produce

an improved land use and land cover map. Kantakumar and

Neelamsetti [35] combined MLC, decision trees and

unsupervised classification to develop a land use map and

found that this combination improved the classification

accuracy.

Most of the classification methods highlighted above

have focused on the classification of land cover types

associated with natural systems (e.g., forest, grassland and

shrubland) or urban systems and tended to generalize

cropland areas into a single or limited number of thematic

classes [80]. Crop mapping in large agricultural land is

often generated by supervised classification of multi-date

satellite images acquired throughout the growing season

[10, 11, 19, 43, 46, 49]. Combining classification methods

with information about vegetation dynamics changes

(vegetation phenology) derived from multi-temporal veg-

etation indexes (VI) is also powerful for crops mapping

[40, 46, 50, 80] and for distinguishing the different land

covers with a similar phenology trend [6].

In this study, we followed the lead of many researchers

who have recognized the benefits of using multi-seasonal

satellite images and information about vegetation phenol-

ogy for land cover mapping. The developed approach

aimed to generate a high accuracy land cover map for a

large agricultural area. Landsat 8 images (resolution of

30 m) were chosen as remote sensed data. The north-

eastern part of Tunisia was selected as a study case. This

area was selected in our study due to the variety of land

cover that it includes and the need for accurate and up-to-

date information on land cover distribution to address

recent environmental issues and agriculture challenges

there. The application of this approach to the whole of

Tunisia is possible in the future to update the existing land

cover maps generated in 2005 using SPOT and Landsat 5

satellite images of spring and summer 1999.

Materials and methods

Study area

This study focused on the north-eastern part of Tunisia

(Fig. 1). This area is located on the satellite path 191 and

rows 34 and 35. It covers an area of approximately

29,000 km2 (17.7 % of the total area of Tunisia). The

geography of the study area is characterized by fertile

plains in the north and low steppe with some fertile plains

in the south. The annual precipitation ranges between 400

and 600 mm and the climate is from humid in the north to

semiarid in the south. These characteristics make the

northern part the most cultivated area in Tunisia and the

southern part an agro-pastoral region. The majority of

agricultural fields in the study area are planted with cereals

in November and harvested in the subsequent month of

April. The other fields are exploited for vegetables, pasture,

citrus, vineyard, olive and fruit cultivation.

Satellite data pre-processing

Satellite data consist of multi-spectral images of the

Earth surface collected by satellites at different time

periods and with different resolutions. A lot of satellites

have been launched by the National Aeronautics and

Space Administration (NASA) since 1972 to capture the

daily global data about the Earth [74]. The most recent

one is Landsat 8 which was launched in 2013. In our

study, ortho-rectified and terrain corrected Level 1T

Landsat 8 images were downloaded from the website of

the United States Geological Survey (http://glovis.usgs.

gov/). Data were processed by the Level 1 Product

Generation System (LPGS) and provided in GeoTIFF

format with UTM projection and WGS84 datum [76].
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Systematic radiometric and geometric corrections have

already been applied to this product by incorporating

ground control points and employing a digital elevation

model (DEM) for topographic correction [62]. Down-

loaded datasets were pre-processed in accordance with

the Eq. 1. This equation was given in the USGS website

and aimed to convert raw digital number (DN) to top of

atmosphere (TOA) reflectance with correction for sun

angle [5, 75, 84].

qk ¼
MpQcal þ Ap

sinðhSEÞ
ð1Þ

where: qk = TOA reflectance for band k. Mp = Band

specific multiplicative rescaling factor. Qcal = Quantized

and calibrated standard product pixel values (DN).

Ap = Band specific additive rescaling factor. hSE = Local

sun elevation angle in radians. Mp, Ap and hSE are given in

the metadata file provided in the Level 1T data.

Fig. 1 Location of the study

area. The source information of

the land cover map is available

on the website of the Global

Land Cover Network (GLCN)

with a resolution of 300 m.

http://www.glcn.org/databases/

lc_gc-africa_en.jsp [22]
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Monitoring vegetation phenology

Time series of the enhanced vegetation index (EVI) and/or

the normalized difference vegetation index (NDVI) have

often been used to identify vegetation phenological profiles

[24, 34, 64, 68, 78, 79]. The NDVI, derived from greenness

sensitive bands of satellite images, offers an important

means for evaluating efficiently and objectively the phe-

nological characteristics over large areas

[20, 21, 28, 36, 58]. In our study, the phenology of different

types of land cover was monitored from NDVI time series.

First, multi-temporal Landsat 8 images for the growing

season 2013/2014 were downloaded and pre-processed.

Then, The NDVI was calculated for each image according

to the following equation: NDVI = (NIR - Red)/

(NIR ? Red) where NIR and Red are the near infra-red

and red bands, respectively. For each land cover type, three

different fields were identified from field investigations and

Google Earth Imagery. We tried to select fields which are

as far as possible from transition zones and as close as

possible to pure land cover class. Then, the NDVI of each

land cover at a specific date was determined as the average

NDVI of the three fields from the generated NDVI image

acquired at the same date. Finally, the temporal NDVI

profile of each land cover was monitored.

Image classification approaches

Three classification approaches were applied to develop the

land cover map of our study area: conventional supervised

classification using single date images, conventional

supervised classification using multi-date images and a

new approach based on vegetation phenology.

Conventional supervised classification using single date

images

In this approach, Landsat 8 satellite images were classified

by means of the MLC, which is a widely used algorithm in

the supervised classification method [1, 3, 4, 17, 25, 38, 42].

This classifier was selected since it takes into account the

variance–covariance within the class distributions and for

normally distributed data [16, 54]. The supervised classifi-

cation was performed using a single date multiband image

acquired in different seasons (spring, summer, winter).

Properties of these images are given in Table 1.

The Landsat 8 dataset has nine spectral bands. In our

study, only bands 2, 3, 4, 5, 6 and 7 were used. Band 2 was

chosen for its high albedo in urban areas. Bands 3, 4 and 5

were chosen for their rich vegetation information. Bands 6

and 7 were chosen thanks to their ability to discriminate

between water or wet lands and dry lands. To facilitate data

handling and classification processing, these bands were

combined in one multiband raster dataset by means of the

‘‘Composite Bands’’ tool including in ArcGIS 10.2.2 Arc

toolbox.

Training samples were selected from data of two field

surveys performed in March 2015 and January 2016.

Camera photos with geographic coordinates were captured

using GPS camera (GARMIN Oregon� 650). Then, the

land cover type was decided. Because of the difficulty to

access to some regions, additional training samples were

selected from Google Earth Imagery. Figure 2 shows the

spatial distribution of the collected training samples. A

total of 1090 samples belonging to 13 classes were col-

lected for the training stage (Table 2).

Table 1 Properties of satellite data for land cover classification

Path/row Date Season

191/34 and 191/35 April 09, 2014 Spring

191/34 and 191/35 June 28, 2014 Summer

191/34 and 191/35 January 06, 2015 Winter

Fig. 2 Spatial distribution of collected training samples
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The scatter plots of the training samples in the different

bands used for the classification were determined to eval-

uate their distribution. If the training samples represent the

different classes accurately, their scatter plots should not

overlap.

Conventional supervised classification using multi-date

images

This approach is similar to the above mentioned one.

However, in this approach, the supervised classification

was performed using the information of the three multi-

band images at once (Table 1). The purpose of this

approach was to consider the seasonal change of vegetation

in the classification process.

New approach for land cover mapping

The classification approach proposed in this work is based

on vegetation phenology. It consists of two steps: (1)

dividing the study area according to the seasonal change of

NDVI in cereals fields. (2) Applying supervised classifi-

cation using the information of the three multiband images.

The workflow chart of the proposed approach is shown in

Fig. 3.

Dividing the study area This step was aimed to divide the

study area into three different land use groups: inland

water, low change and high change. Inland water is rep-

resented by water (reservoirs and lakes) and sabkha areas.

The low change group included non-vegetated lands (urban

area and rocky land), natural vegetation (forest and

shrublands) and trees (fruit trees, citrus, vineyard and

olive). The high change group included seasonal crops such

as cereals, pasture and vegetables which have a similar

phenology. To divide the study area, we went through a

three step procedure:

• Analysis of cereals phenology and determination of

Start of Season (SOS) and Peak of Season (POS) date:

SOS and POS have usually been established as

indicators of phenology change [24, 77]. Several

Table 2 Training data used in the classification approaches

Class Training data

Survey

of March 2015

Survey

of January 2016

Google Earth

Imagery

Total Total number

of pixels

Pasture 87 20 6 113 1555

Fruit trees 16 28 0 44 660

Cereals 191 115 0 306 18,472

Forest 55 13 10 78 5631

Olive trees 318 64 0 382 18,432

Citrus 5 27 0 32 466

Rocky lands 5 1 1 7 64

Sabkha 1 0 3 4 66,254

Shrublands 37 1 0 38 626

Urban 6 6 8 20 3524

Vegetables 7 25 0 32 911

Vineyard 0 24 5 29 286

Water 0 0 5 5 14,337

Fig. 3 Workflow chart of the proposed approach
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researchers have determined these indicators from

vegetation index time series [31, 64, 65, 83]. Different

measures of SOS can be derived from the time series of

NDVI [6]: the time at which NDVI values started to

increase beyond a certain threshold [44, 81]; inflection

points [65] or the time at which the NDVI starts to

increase [51]. The POS is usually determined as the

maximum value of the vegetation index [65]. In our

study, we assumed that cereals, pasture and vegeta-

bles have the same phenology trend. Then, we analyzed

the phenology of cereals as it represents the major land

cover in the study area to determine the date of SOS

and POS. The SOS was identified as the time at which

the NDVI starts to increase and the POS was identified

as the date of the maximum value of NDVI during the

spring (March–April).

• Standardization of NDVI:

Landsat 8 satellite images acquired about the SOS and

POS dates were downloaded and pre-processed

(Table 3). Then, the NDVI was calculated for each

image. Finally, the NDVI was standardized from 0 to 1

by taking into consideration the global maximum and

global minimum values. The standardization process

aimed to equalize the attributes of each image and

minimize the noise caused by difference in radiometry..

• Calculation of NDVI_Change:

A new index termed NDVI_Change (NDVI_C) was

developed. It was calculated according to the following

equation (Eq. 2):

NDVI Change ¼ 1� Standarized NDVI ðSOS dateÞ
Standarized NDVI ðPOS dateÞ

ð2Þ

Its numerical value gives a quantified assessment of the

degree of seasonal change of crops between the POS and

SOS and it ranged between -1 and 1. To facilitate the

analysis of NDVI_C image, a sample (a field of about

92 km2) covered mainly with cereals and forest was

selected. Then, the histogram distribution of NDVI-C value

was determined by means of the fundamental package for

scientific computing with Python (NumPy). Typically, the

histogram presented two peaks that refer to cereals and

forest in the small scale (the sample) or high change and

low change groups in the large scale (study area). To fix a

threshold between these two groups, a third polynomial

plot was determined for the data comprised between the

two peaks, then the threshold was decided at the point

where the derivative (dy/dx) was equal to 0. High change

group had an NDVI-C higher than the threshold. Mean-

while, a low change group had an NDVI_C less than the

threshold (Fig. 4). This method also allowed us to distin-

guish inland waters which had a zero NDVI value whatever

the season. Therefore, it had no numerical NDVI-C value.

Supervised classification The supervised classification

applied in this approach is also based on the MLC. The

information of three multiband images was considered

(same as the conventional supervised classification

approach using multi-date images). However, the classifi-

cation was applied for each group separately after dividing

the study area. Fields used for irrigated vegetables can have

a low NDVI_C, and thus be included in the low change

group. To avoid classification errors, training samples

corresponding to vegetables were also involved in the

classification stage of the low change group. The involved

training samples for each group are shown in Table 4.

Accuracy evaluation

To assess the efficiency of different classification approa-

ches, it is recommended to check the accuracy of the

derived thematic maps. Accuracy assessment means the

comparison of predicted results (classification results) to

reference data that are assumed to be true [41, 59]. Gen-

erally, accuracy assessment is done by comparing ran-

domly selected pixels to ground reference data

Table 3 Properties of satellite data used for dividing the study area

Path/row Date Season

191/34 and 191/35 April 09, 2014 POS

191/34 and 191/35 November 19, 2014 SOS

Fig. 4 Example of NDVI-C distribution (clip of 91.8 km2; date of

SOS image: 19/11/2014 and date of POS image: 09/04/2014)
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[2, 52, 57, 70, 85, 86]. Then, performing the error matrices

and calculating the Kappa statistic [12]. Error matrices are

cross tabulations of the selected pixels versus the ground

reference data. The Kappa statistic incorporates the off

diagonal elements of the error matrices (classification

errors) and represents agreement obtained after removing

the proportion of agreement that could be expected to occur

by chance [85]. The random selection method can decrease

or eliminate the possibility of bias [12]. For each land

cover type, 50 pixels were generated using the stratified

random sampling method and then checked using Google

Earth Imagery. Figure 5 shows an example of the random

distribution of validation samples. The error matrix was

prepared for classes from each classified image and then

the Kappa coefficient was computed.

Results

Vegetation phenology monitoring

NDVI time series for 1 year (from August 2013 to July

2014) were processed to identify the phenology trend of

different land cover. Eleven land cover types were involved

in this assessment. Water and sabkha land cover types were

not considered because they are not covered by vegetation

and so they have an NDVI equal to 0 whatever the season.

The phenology profiles are shown in Fig. 6.

Two groups of land cover could be distinguished

depending on time series variation of the NDVI: low

change group and high change group. Low change group

was characterized by a low seasonal variation of the NDVI

and included forest, olive, shrubland, fruit trees, citrus,

vineyard, rocky land and urban areas (Fig. 6a). Except

vineyard, these land covers had a constant NDVI

throughout the year with a slight variation due to the solar

zenith variations which affects the reflectance of vegetation

[30]. Regarding the phenology of citrus, olive, shrublands

and fruit trees, an increase in the NDVI was observed from

around February 15. This increase can be explained by the

Table 4 Training samples involved in the classification stage

Land cover

group

Training samples

Inland water Water and sabkha

High change Cereals, vegetables and pasture

Low change Urban, forest, fruit trees, olive, citrus, vineyard,

shrublands, rocky land, vegetables

Fig. 5 Example of random distribution of validation samples

Fig. 6 Vegetation phenology monitoring for low change group

(a) and high change group (b)
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start of the plant flowering and growing season and the

growing of grass between the trees. Forest lands found in

the study area are evergreen. Thus, they had a constant

NDVI throughout the year. Urban areas and rocky lands

also had low and constant NDVI throughout the year.

Generally, the vineyard starts growing from the end of

March and reaches the maximum of growing in the sum-

mer (mid-July). In Fig. 6a, we noticed two sudden drops of

vineyard NDVI. The first one was around early September

and the second around the end of January. These two drops

can be explained by specific cultivation methods such as

the technique of high pergola, covering the field by plastic

cover and branch cuttings.

High change group was characterized by high seasonal

change and included cereals, vegetables and pasture

(Fig. 6b). The phenology of these three land covers was

found to be similar and had three growing stages: seeding

stage or SOS, maximum growing stage or POS and har-

vesting stage. The analysis of cereals phenology shows that

the SOS started from early November while the POS was

reached around early April. In general, the SOS depends at

the start of rainy season [33]. In the proposed approach, we

used the images acquired on April 09, 2014 and November

19, 2014 as POS and SOS images because of the limited

number of cloud-free images in the Landsat 8 database.

Land cover classification

Spatial extent of land cover classes

We used three approaches for mapping the land cover.

Each approach gave a different thematic land cover map

(Fig. 7). The land cover area derived from the different

approaches showed differences in spatial extent (Table 5).

However, all the approaches were able to present olive and

cereals as major land cover in the study area. Using single

date images, land cover area statistics showed small dif-

ferences in spatial extent whatever the used image except

for citrus, cereals and vegetables. Stacking the information

of the three satellite images into the supervised classifica-

tion approach gave a new spatial statistics of the different

land covers compared to the single date approach (differ-

ences B6 %). Some pixels classified as fruit trees in the

single date approach were now classified as cereals in the

multi-date approach (Fig. 7a–d). Compared with the multi-

date approach, the proposed approach gave low differences

in the spatial extent of land cover (within 2 %) except for

pasture. It was observed that about 50 % of lands classified

as pasture in the multi-date approach were classified as,

especially olive in the proposed approach (Fig. 7d, e). This

is due to dividing the study area based on the NDVI_C

threshold before the application of the supervised classifi-

cation (Fig. 8). Using this threshold, only pixels that had

high seasonal change between spring and autumn were

included in the high change group, and can thus be clas-

sified as pasture, vegetables or cereals.

Accuracy assessment of the thematic maps

To assess the accuracy of each generated thematic land

cover map, five error matrices were prepared (Tables 6, 7,

8, 9, 10). In the case of a single date images approach, the

overall accuracy did not exceed 55 % whatever the season

of the used image (spring, summer or winter). However,

the classification accuracy of pasture, cereals and veg-

etables showed the best results in the case of spring

images but it did not exceed 72, 78 and 42 %, respec-

tively (Table 6). The highest user’s accuracies in the

single date images approach were found for forest, urban,

sabkha and water classes which have a relatively constant

reflectance whatever the season. Table 9 shows that

stacking the information of the three satellite images in

the supervised classification improved the classification

accuracy of pasture, cereals and vegetables up to 86, 80

and 76 %, respectively. The classification accuracy of

other land cover classes was 96 % for forest, 80 % for

citrus, 88 % for shrublands and 72 % for vineyard.

However, it was still low for rocky lands and fruit trees

classes. It was found that about 20 % of the fruit trees

pixels were classified as shrublands. Classification accu-

racy of the different land cover classes generated by the

proposed approach is given in Table 10. The user’s

accuracy of most classes exceeded 90 % (cereals, forest,

olive, citrus, sabkha, shrublands, urban and water). As

compared with the conventional supervised approach

using multi-date images (Table 9), the classification

accuracy of all land cover categories was improved. This

proves that it is important to divide the study area before

applying the classification process. The classification

accuracy of rocky lands was also improved but it was still

low (50 %). The difference between the user’s and pro-

ducer’s accuracies which represents the percentage of

wrong classification was found high in the single date

approach. This percentage decreased significantly after the

use of multi-date images or applying the proposed

approach (Tables 6, 7, 8, 9, 10). The overall accuracy of

the proposed approach (86 %) was found to outperform

the conventional supervised approach using multi-date

images (76 %) and single date images (54–55 %). Kappa

coefficient gives an idea about the degree of clarity of the

generated map. The Kappa for the proposed approach was

equal to 0.85 (Table 10) which means 85 % of error

reduction. Reducing the number of classes by dividing the

study area improved the clarity of the generated land

cover map by reducing most of the errors during the

classification process.
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Discussion

Several researchers have investigated the usefulness of

considering vegetation phenology for land cover mapping

either through the use of multi-seasonal satellite images in

the classification approaches [7, 53, 55, 56] or vegetation

index [26, 40, 46, 50, 80]. Our results further substantiate

the utility of dividing a cropland dominated area based on

cereals phenology before applying a supervised

classification.

At our preliminary study using single date satellite

images, we confirm the incapability of only one satellite

image to map land cover in an agricultural land with a

fairly heterogeneous land use. That approach was not able

to discriminate between crops that have a similar phenol-

ogy trend, whatever the date of image acquisition. Refer-

ring to Table 5, cereals, vegetables and citrus have high

differences in spatial extent when we used a single date

approach. This may be due to the similarity of reflectance

of some vegetation such as forest and citrus, and cereals

and vegetables at a specific season. The overall accuracy of

the classification approach using single date image did not

exceed 55 %. In contrast, Saadat et al. [63] found that a

single Enhanced Thematic Mapper Plus image acquired in

late summer gave a classification accuracy of 95 %.

However, in their research, they generalized cropland areas

into a limited number of thematic classes based on vege-

tation density and incorporated climatic and topographic

conditions in the classification approach.

Involving multi-seasonal satellite images in the classi-

fication approach gave a new spatial extent and helped to

avoid the classification errors caused by the high level of

spectral confusion in single date images [32]. This was

reflected in our work by the improvement of classification

accuracy to 78 % in the case of multi-date approach. In the

same context, Roumenina et al. [61] used multi-temporal

PROBA-V data for identifying different crops and found

that combining three to four images acquired in different

seasons improved the classification accuracy up to 74 and

77 %, respectively. The used satellite images acquired in

different crops growing stages incorporated the information

of crops phenology in the classification approach and

Fig. 7 Land cover maps

generated from the conventional

supervised classification using

single date images (a–c), multi-

date images (d) and the

proposed approach (e)
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enhanced the ability of the classifier to differentiate

between crops. The benefits of using multi-date images on

the classification accuracy were well confirmed in our

results and previously reported in other studies [15, 55, 67].

The proposed approach was found able to discriminate

between heterogeneous land cover classes including those

which have similar spectral reflectance with high accu-

racy (overall accuracy = 86 %). The classification accu-

racy of rocky land class was improved comparing with the

conventional approaches. However, it was still low

(50 %). This could be explained by two reasons: the

limited number of training samples involved in the

supervised classification and the small area of rocky lands

in the study area on the one hand, and the high degree of

resemblance between the reflectance of rocky lands and

urban area or coastal soils on the other hand. In our

approach, dividing the study area into three groups of land

use improved the classification accuracy. This preliminary

step helped to decrease the misclassification errors and

spectral confusion problem. A similar investigation was

proposed by Lo and Choi [45] who applied an unsuper-

vised ISODATA clustering to identify natural homoge-

nous subclasses depending on spectral similarity before

applying a supervised method for each subclass. They

found that this hybrid approach improved the classifica-

tion accuracy up to 91.5 % comparing with the conven-

tional ISODATA clustering methods (overall

accuracy = 90.25 %), the supervised fuzzy (overall

accuracy = 77.75 %) and the MLC (overall accu-

racy = 76.75 %). In that approach, the number of clusters

Table 5 Results of different approaches for the spatial extent of land cover classes

Land cover class Single date image Multi-date images Proposed approach

April 09, 2014 June 28, 2014 January 06, 2015

Pasture 15.94 16.68 15.75 18.17 9.68

Fruit trees 8.10 7.57 8.99 5.85 5.66

Cereals 16.14 17.39 12.94 18.12 20.43

Forest 4.21 3.80 4.71 3.79 3.73

Olive 29.86 31.40 32.91 37.14 41.35

Citrus 5.52 1.19 1.81 0.81 0.89

Rocky lands 4.43 3.06 3.13 1.62 1.28

Sabkha 4.18 3.53 5.12 3.32 3.11

Shrublands 3.40 3.55 5.00 1.48 1.75

Urban 2.91 3.39 3.40 4.85 6.17

Vegetables 4.15 7.02 5.17 4.42 5.20

Vineyard 0.65 0.94 0.64 0.09 0.11

Water 0.49 0.49 0.44 0.33 0.63

Total 100.0 100.0 100.0 100.0 100.0

All values are expressed in percent (%)

Fig. 8 The generated NDVI_Change image
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needs to be large enough to preserve the homogeneity of

each class for the labeling process. Otherwise, some

clusters can include mixed pixels [45].

Comparing with other approaches that incorporate

structural information or contextual information or DEM

spatial data, our approach seems to be similar or even

Table 6 Error matrix of supervised classification using spring image

Class ID Reference data

1 2 3 4 5 6 7 8 9 10 11 12 13 Total U. Acc (%)

Classified data 1 36 1 3 1 5 0 0 0 1 2 1 0 0 50 72

2 11 9 8 2 4 0 0 1 10 1 4 0 0 50 18

3 5 1 39 0 4 0 0 0 1 0 0 0 0 50 78

4 0 0 0 47 0 0 0 0 2 0 1 0 0 50 94

5 8 0 1 0 39 0 0 0 2 0 0 0 0 50 78

6 10 0 21 0 2 7 0 0 2 0 8 0 0 50 14

7 10 0 3 5 1 0 0 0 23 0 5 3 0 50 0

8 1 0 0 2 1 0 0 40 0 0 2 0 4 50 80

9 5 4 0 3 4 1 0 0 29 0 4 0 0 50 58

10 2 0 0 1 2 0 1 2 0 42 0 0 0 50 84

11 10 1 8 0 8 0 0 0 2 0 21 0 0 50 42

12 10 3 1 6 0 0 0 1 20 0 4 5 0 50 10

13 0 0 0 0 0 0 0 6 0 0 0 0 44 50 88

Total 108 19 84 67 70 8 1 50 92 45 50 8 48 650

P. Acc (%) 33 47 46 70 56 88 0 80 32 93 42 63 92

Overall classification accuracy = 0.55; Kappa coefficient = 0.51

P. Acc producer’s accuracy, U. Acc user’s accuracy, 1 pasture, 2 fruit trees, 3 cereals, 4 forest, 5 olive, 6 citrus, 7 rocky lands, 8 sabkha, 9

shrublands, 10 urban, 11 vegetables, 12 vineyard, 13 water

Table 7 Error matrix of supervised classification using summer image

Class ID Reference data

1 2 3 4 5 6 7 8 9 10 11 12 13 Total U. Acc (%)

Classified data 1 31 0 1 0 9 0 0 2 3 1 3 0 0 50 62

2 15 10 2 0 8 1 0 0 7 0 7 0 0 50 20

3 8 0 31 0 3 0 1 0 0 0 7 0 0 50 62

4 0 1 0 45 0 1 0 0 3 0 0 0 0 50 90

5 6 2 2 0 31 0 0 0 6 2 1 0 0 50 62

6 3 7 0 7 0 17 0 0 10 0 6 0 0 50 34

7 17 1 1 0 2 0 7 1 0 1 1 0 19 50 14

8 8 0 0 0 0 0 0 38 3 0 0 0 1 50 76

9 3 4 0 0 2 0 0 0 37 0 4 0 0 50 74

10 1 0 0 0 0 0 3 4 6 36 0 0 0 50 72

11 12 2 3 3 8 1 0 0 5 0 16 0 0 50 32

12 11 3 0 9 1 1 0 1 13 3 4 4 0 50 8

13 0 0 0 0 0 0 0 0 0 0 0 0 50 50 100

Total 115 30 40 64 64 21 11 46 93 43 49 4 70 650

P. Acc (%) 27 33 78 70 48 81 64 83 40 84 33 100 71

Overall classification accuracy = 0.54; Kappa coefficient = 0.505

P. Acc producer’s accuracy, U. Acc user’s accuracy, 1 pasture, 2 fruit trees, 3 cereals, 4 forest, 5 olive, 6 citrus, 7 rocky lands, 8 sabkha, 9

shrublands, 10 urban, 11 vegetables, 12 vineyard, 13 water
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better in term of classification accuracy. Gong and Howarth

[23] incorporated structural information into a conven-

tional MLC and found that this approach improved the

overall accuracy up to 86.1 % compared with the con-

ventional method (76.6 %). Integrating contextual infor-

mation with per-pixel maximum likelihood classification

Table 8 Error matrix of supervised classification using winter image

Class ID Reference data

1 2 3 4 5 6 7 8 9 10 11 12 13 Total U. Acc (%)

Classified data 1 34 0 5 1 5 0 0 0 0 2 3 0 0 50 68

2 7 15 7 0 7 0 0 0 10 0 4 0 0 50 30

3 6 0 34 0 3 0 0 0 2 0 5 0 0 50 68

4 0 0 0 47 0 2 0 0 1 0 0 0 0 50 94

5 6 3 3 0 37 0 0 0 1 0 0 0 0 50 74

6 5 0 14 0 2 16 0 0 5 0 8 0 0 50 32

7 12 0 5 3 1 0 1 5 15 0 5 3 0 50 2

8 2 0 0 2 1 0 2 36 0 0 0 0 7 50 72

9 7 2 0 4 2 1 0 0 32 0 2 0 0 50 64

10 1 0 0 1 2 0 4 2 0 40 0 0 0 50 80

11 12 1 11 0 8 0 0 0 2 0 16 0 0 50 32

12 8 5 5 4 0 1 0 1 15 0 0 11 0 50 22

13 0 0 0 0 0 0 3 5 0 0 0 0 42 50 84

Total 100 26 84 62 68 20 10 49 83 42 43 14 49 650

P. Acc (%) 34 58 40 76 54 80 10 73 39 95 37 79 86

Overall classification accuracy = 0.55; Kappa coefficient = 0.51

P. Acc producer’s accuracy, U. Acc user’s accuracy, 1 pasture, 2 fruit trees, 3 cereals, 4 forest, 5 olive, 6 citrus, 7 rocky lands, 8 sabkha, 9

shrublands, 10 urban, 11 vegetables, 12 vineyard, 13 water

Table 9 Error matrix of supervised classification using multi-date images

Class ID Reference data

1 2 3 4 5 6 7 8 9 10 11 12 13 Total U. Acc (%)

Classified data 1 43 0 1 0 4 0 0 0 0 0 2 0 0 50 86

2 10 22 4 0 0 0 0 2 10 0 2 0 0 50 44

3 4 2 40 0 0 0 0 0 0 0 4 0 0 50 80

4 0 0 0 48 0 0 0 0 2 0 0 0 0 50 96

5 0 4 2 0 44 0 0 0 0 0 0 0 0 50 88

6 2 0 0 2 0 40 0 0 6 0 0 0 0 50 80

7 2 0 0 0 0 0 18 0 0 0 0 0 30 50 36

8 4 0 0 0 0 0 0 42 0 0 0 0 4 50 84

9 2 0 0 4 0 0 0 0 44 0 0 0 0 50 88

10 0 0 0 0 0 0 2 0 3 45 0 0 0 50 90

11 2 2 6 0 0 0 0 0 2 0 38 0 0 50 76

12 6 0 0 0 0 0 0 0 4 0 4 36 0 50 72

13 0 0 0 0 0 0 0 0 0 0 0 0 50 50 100

Total 75 30 53 54 48 40 20 44 71 45 50 36 84 650

P. Acc (%) 57 73 75 89 92 100 90 95 62 100 76 100 60

Overall classification accuracy = 0.78; Kappa coefficient = 0.76

P. Acc producer’s accuracy, U. Acc user’s accuracy, 1 pasture, 2 fruit trees, 3 cereals, 4 forest, 5 olive, 6 citrus, 7 rocky lands, 8 sabkha, 9

shrublands, 10 urban, 11 vegetables, 12 vineyard, 13 water
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could be another way to improve the classification accu-

racy [72]. Lucas et al. [48] developed a classification

approach covering multi-temporal satellite images; IACS

land management unit data software (i.e., eCognition) that

effectively combines fuzzy logic, rule-based classification

and segmentation algorithms, and a DEM of sufficient

spatial resolution. They found that this approach was able

to map seminatural habitats and agricultural land cover

with accuracies exceeding 80 %.

Conclusion

Accurate land cover map plays an important role for

addressing recent environmental issues and agriculture

challenges. In this study, we analyzed the possible use of

single and multi-date images for land cover classification in

a large cropland dominated area (29,000 km2). Further-

more, we developed a new approach to improve the clas-

sification accuracy. The proposed approach aimed at

initially dividing the study area into three land use groups:

inland water, croplands and other land use. Then, we

classified each group using the MLC. Recent Landsat 8

images were used for monitoring the phenology of differ-

ent land cover classes and developing the land cover map.

Regarding the temporal resolution of the input data, it

was found that the use of single date satellite images in the

supervised classification was not accurate for the

discrimination between land cover types which have sim-

ilar phenology trends. In that case, the overall accuracy did

not exceed 55 %. Using the information of three images

acquired in different seasons (spring, summer and winter),

the classification accuracy was enhanced up to 78 %. These

results corroborate other studies that recognized the bene-

fits of using multi-seasonal satellite images for cropland

mapping.

The proposed approach was found to outperform the

conventional classification approaches in terms of classi-

fication accuracy. The classification accuracies of all land

cover classes were improved and the overall accuracy

reached 86 %. Furthermore, the Kappa coefficient was

improved from 0.76 in the case of conventional supervised

classification using multi-date images to 0.85 in the pro-

posed approach. These results demonstrate the usefulness

of dividing the study area into different land use groups

depending on the phenology of crops in reducing the

misclassification errors and improving the clarity and

accuracy of the generated land cover map. The use of the

generated thematic map for modeling environmental issues

such as soil erosion can enhance the accuracy of model

outputs.

The approach highlighted in this paper was limited to

cropland dominated area. Its application in other regions is

possible. However, it needs a good understanding of the

study area. Data used in this approach were acquired in the

same growing season because of the limited cloud-free

Table 10 Error matrix of supervised classification using the proposed approach

Class ID Reference data

1 2 3 4 5 6 7 8 9 10 11 12 13 Total U. Acc (%)

Classified data 1 44 0 2 0 0 0 0 1 0 0 3 0 0 50 88

2 5 36 0 0 5 2 0 0 2 0 0 0 0 50 72

3 2 0 45 0 3 0 0 0 0 0 0 0 0 50 90

4 0 0 0 49 0 0 0 0 1 0 0 0 0 50 98

5 0 3 0 0 45 0 0 0 1 0 0 1 0 50 90

6 0 0 0 2 0 46 0 0 2 0 0 0 0 50 92

7 2 0 0 0 0 0 25 0 0 3 0 0 20 50 50

8 0 0 0 0 0 0 0 49 0 0 0 0 1 50 98

9 2 0 0 1 0 0 0 0 47 0 0 0 0 50 94

10 0 0 0 0 0 0 2 2 0 46 0 0 0 50 92

11 3 0 5 0 0 0 0 0 2 0 40 0 0 50 80

12 4 3 0 0 1 0 0 0 4 0 0 38 0 50 76

13 0 0 0 0 0 0 0 0 0 0 0 0 50 50 100

Total 62 42 52 52 54 48 27 52 59 49 43 39 71 650

P. Acc (%) 71 86 87 94 83 96 93 94 80 94 93 97 70

Overall classification accuracy = 0.86; Kappa Coefficient = 0.85

P. Acc producer’s accuracy, U. Acc user’s accuracy, 1 pasture, 2 fruit trees, 3 cereals, 4 forest, 5 olive, 6 citrus, 7 rocky lands, 8 sabkha, 9

shrublands, 10 urban, 11 vegetables, 12 vineyard, 13 water
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images in Landsat database. This can affect the classifi-

cation of specific croplands that follow crop rotation

management practices. The use of satellite images acquired

in different growing for calculating the NDVI_Change and

fixing the threshold can help assess the crop rotation

management practices in the study area.
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