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Abstract:



Halgurd Sakran National Park (HSNP) is Iraq’s first designated national park, located in the Kurdistan Region, which has suffered multiple armed conflicts over the past decades. This study assesses how vegetation dynamics have affected the landscape structure and composition of the core zone of the park over the last 31 years. Spatio-temporal changes in land cover were mapped for three points in time using remote sensing, geographic information systems (GIS), and landscape metrics. Land cover changes were mapped using random forest classifications of satellite images from Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 LDCM acquired in 1984, 1998, and 2015. Five landscape pattern metrics were analysed at class and landscape levels in order to quantify landscape patterns arising from land use and land cover (LULC) change in HSNP using FRAGSTATS 4.2. These landscape pattern metrics were patch metrics, area metrics, shape metrics interspersion/juxtaposition and contagion metrics and diversity metrics. Significant changes in cultivated areas after 1991 were observed, which indicate the role of anthropogenic activities in land cover change. Areas of bare surface and forest lands declined and became more fragmented in 1984 and 1998 while, at the same time, cultivated areas increased, with a continuing fragmentation of pasture land. Internal migration of people was one of the major drivers of LULC change. The results reveal that significant LULC changes in terms of composition and spatial structure over the 31-year period have occurred in the designated protected area. Landscape metrics were able to assess the trend of spatial patchiness over the studied period. A discussion of the significance of changes in land use systems for understanding the causes and consequences of change is provided.
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1. Introduction


In 2008, the Kurdish Regional Government (KRG) officially designated Halgurd Sakran National Park (HSNP) a protected area. HSNP consists of three zones: the core zone, outer zone, and an additional outer zone. Here, the Halgurd Sakran Core Zone (HSCZ) will be examined. This area has been highly influenced by a series of wars, such as the war between former Iraqi regimes and the Kurdish Peshmerga, and the Iraq-Iran War [1,2]. Generally, the main aim of national parks is to protect the ecosystems, which are vital to conserving worldwide biodiversity and enhance natural beauty [3]. In order to reduce environmental degradation and protect a rare and beautiful national treasure, the number of protected areas internationally has increased dramatically over the last decades [4].



Biodiversity brings stability to an ecosystem and Human land use impacts on ecosystems that occur in space and time [5,6]. Decreasing biodiversity is often a result of increased human activity and inhabitants [7]. The protection of biodiversity in and surrounding the protected area is reached by understanding the interaction between ecological function and human land use decisions [8]. The conservation of biodiversity in protected areas means improving human well-being. Protected areas are important tools for the conservation of biological diversity through protecting natural resources [9]. Describing the dynamics of landscape fragmentation in HSCZ is important for investigating relationships between spatial patterns and ecological processes. A greater number of land use/land cover (LULC) patches indicates a more fragmented landscape [10]. Fragmentation of the landscape pattern implies a reduction in area extent, an increase in the number of patches, a decrease in their sizes, and an increase in the isolation of patches [11]. Studying and detecting changes of land use and land cover is obtained through quantifying patches for any landscape [12,13].



The integration of geographic information systems (GIS) and remote sensing has become more significant in the last two decades for environmental applications; for instance, species distribution models and biodiversity mapping. In order to understand the effects of landscape patterns on ecological processes, measurements of the landscape patterns can be used for documenting temporal changes or differences between two or more landscapes [14]. The combination of remote sensing, GIS, and spatial metrics for describing landscape structure at several scales (patch, class, and landscape) holds great potential for quantifying and understanding the spatial patterns and heterogeneity of a landscape [15].



Landscape planners, designers and managers usually adopt the landscape as the principle spatial unit of research and planning recommendations [9]. Use of remote sensing, geographic information systems, and quantitative indices of landscape ecology in natural resources management can be used to develop a variety of maps [16,17].



The specific objectives for a 348 km2 study site at three different times are to (1) identify land cover classes and changes for three points in time using multi-temporal satellite images; and (2) quantify landscape patterns using spatial metrics and detecting how patterns have changed.




2. Materials and Methods


2.1. Study Area


HSCZ is located northeast of Erbil, Iraq [18], in the Zagros Mountain Range which shares a border with Iran Figure 1. The climate of the Choman district is hot and dry in summer, and cold and wet in winter, according to Mami-Khalan monthly weather station [19]. HSCZ covers the highest peak of mountains in Iraq, 3609 m above sea level. Geologically, the study area is covered by various types of bedrocks, which are made up of different types of igneous, metamorphic, and sedimentary rocks. The rock outcrops for the study site are mainly dominated by two types of rock units, which are the Walash Volcanic rock group and the Qandil Metamorphic series group; therefore, the study area is mostly rock-dominated, followed by pasture land [20].


Figure 1. Location map of Halgurd Sakran Core Zone (HSCZ) in the Kurdistan Region of Iraq.
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The study area was totally evacuated and used as military bases in the 1980s. Three significant socio-economic events can be identified in the study area in the last three decades: (i) the displacement during 1980–1991 when all inhabitants of the region left their homes to flee armed conflict and most of the villages were devastated [21]; (ii) re-settlement by villagers moving back to their homesteads after uprisings and the First Gulf War in 1991 [22]; and (iii) urbanisation after the fall of Baghdad in 2003 [23].




2.2. Satellite Imagery and Data Processing


Three satellite images of Landsat 5 Thematic Mapper (TM) for 1984, Landsat 7 Enhanced Thematic Mapper (ETM+) for 1998, and Landsat 8 Landsat Data Continuity Mission (LDCM) for 2015 with a spatial resolution of 30 m were used to map land cover (Table 1). Landsat 5 for 1984 was used in the 1980s during the Iraq-Iran war, when any socio-economic activities ceased in the region, and farmlands and cultivated lands were abandoned after Iran started opening fronts in Iraqi Kurdistan and it became a battlefield [22]. For the second period, a satellite image from 1998 was selected, as this period illustrates the human activity after the First Gulf War and saw an increase in rural residents [24]. The third period represents the time after the fall of Baghdad, which witnessed improvements of socio-economic conditions and the complete defeat of the Iraqi army in April 2003 [25], as can be seen in the Landsat 8 image for 2015.



Table 1. Satellite (sub-scene) images used in this study to quantify landscape patterns and land cover changes.







	
Satellite Sensors

	
Path/Row

	
Acquisition Date

	
Resolution

	
Band Nos.






	
Landsat 5 TM

	
169/035

	
18 August 1984

	
30 m

	
1, 2, 3, 4, 5, 7




	
Landsat7 ETM+

	
169/035

	
13 September1998

	
30 m

	
1, 2, 3, 4, 5, 7




	
Landsat 8 LDCM

	
169/035

	
24 August 2015

	
30 m

	
1, 2, 3, 4, 5, 7, 8, 9




	
SRTM (1 arc)

	
N36_E044/N36_E045

	
September 2014

	
30 m

	
GDEM










The vegetation phenology of the region as a part of Zagros Mountains is most covered by mountain meadows with multitude of wild flora and fauna [26].



The different images in ENVI 5.3 (Environmental for Visualizing Images) software were all projected into Universal Transverse Mercator (UTM) Zone 38N, and then assembled in a raster Geographical Information System (GIS). Normalised Difference Vegetation Index (NDVI) was calculated as:


NDVI = (NIR − RED)/(NIR + RED)



(1)




from the NIR and RED bands.



Landsat images were processed and subset to include the entire area of the HSCZ [10]. As previously mentioned HSCZ is mostly rock and pasture-dominated lands by more than 85% therefore; images from 1998 and 2015 were categorised into four land cover classes; namely, bare surface, pasture, cultivated area, and forest. The 1984 image, it was categorised into three classes; specifically, bare surface, pasture, and forest, based on the expert knowledge as the cultivated lands during the war in the 1980s were abandoned. Expert knowledge in Choman district stated that most of the cultivated areas and agriculture activities are determined by agricultural. They usually select the cultivated areas around and near the villages or roads. Location of arable lands in the HSCZ is limited because the study area is covered by fewer villages.



Training sites were selected using high-resolution imagery from Google Earth, ESRI Arc Map base maps, and expert knowledge of the study gained from the Agricultural Department of Choman. We categorised the image by selecting representative samples for each land cover class ‘‘training sites” to extract pixel values from training polygons, generating signature files to identify the land cover classes in the entire digital image, and classifying land cover types present in a scene. To have variation within a class we collected 100 training polygon for each class throughout the image. Excessive training sites in the study area led to misclassification, the reason being that forest and cultivated area classes were rare classes of the area of interest. Therefore, we selected these rare classes only in areas where the rare classes were known to be found [27,28].



The classification was implemented using the random forest package [29] in R with all spectral bands, elevation, slope, aspect and ndvi band input data and training data for each class. Random forest classification produced a very accurate classification. Random forest is a non-parametric algorithm applicable to satellite image classification and regression. A random forest is generated from a collection of decision tree classifiers and provides more stable results than other methods [30,31]. An overview of the methodology is given in Figure 2.


Figure 2. Flowchart of the general methodology.



[image: Land 06 00018 g002]






Relief and shadow in rugged areas may lead to misclassification; therefore, using aspect and slope from the digital elevation data of the Shuttle Radar Topography Mission (SRTM) [32] as ancillary data during classification may improve the accuracy of the map by reducing the effect of relief [33,34].



The normalised difference vegetation index (NDVI) was also added into the raster stack. NDVI identifies vegetation and provides a measure of its health and validity; thus, there is a robust relationship between the NDVI and functional characteristics of vegetation [35]. We used NDVI as an additional raster dataset to study the impact on the classification accuracy [36].



Ancillary data are non-spectral information that are useful in characterising the classes for the area of interest [37]. Natya and Reyna [38] found that the classification based on training samples from various sources of ancillary data are more proper than classification based on pixel data. Integrating ancillary data into image classification increases the accuracy and discrimination for land use/land cover mapping [31]. For this study we used slope, aspect, elevation, and NDVI as ancillary data. SRTM data are distributed in tight file format (tif), which is raster format, although the elevation values are stored directly in each pixel of the raster grid that contains an integer value and represents the elevation of the grid cell [39].




2.3. Land Use Change and Accuracy Assessment


Franklin and Wulder [40] discussed the use of multi-temporal remote sensing images in support of identification of a variety of long-term land cover mapping in any large area. Lu et al. [33] stated the challenges that affect the classification accuracy of remote sensing imagery. Many errors appearing from the results of the classification can lead to missing the goal in terms of accuracy [41]. The accuracy of the classification increases by using multi-temporal imagery [42].



An error matrix resulting from classifying training set pixels assessed for images 1984, 1998, and 2015. Four measurements were used in the accuracy assessment process namely; user’s accuracy, producer’s accuracy, kappa’s coefficient, and overall accuracy. Computing correctly-classified pixels and dividing by the total number of pixels (the row total) generates the user’s accuracy, while correctly-classified pixels on a major diagonal divided by the number of training set pixels computes the producer’s accuracy. Overall accuracy is computed by dividing the total number of correctly classified pixels by the sum of the number of reference pixels [27].




2.4. Socioeconomic Changes


Generally, socioeconomic changes govern land resources in and around the protected area. It also determines current and future land use [8]. The area of interest has experienced a dramatic economic development in the past decade. The population has increased in the last six years by 1.14% from 2010 to 2015 [43]. Certainly, population growth is increasing in demand for resources and space. This rapid development, infrastructural facilities, and natural-cultural forces [44] affect socioeconomic development, the ecosystem, and environment. Landscape alterations are affected by demographic activities [45].




2.5. Quantifying Landscape Pattern


In order to characterise the changes of the HSCZ, a set of landscape metrics were selected. Landscape composition and configuration were used for quantifying landscape patterns and assessing land cover changes [46]. Based on a review of the recent literature regarding the use of landscape metrics for assessing landscape structure changes, the analysis was carried out at the class and landscape level. Eight metrics were selected at the class level and five metrics at the landscape level.



In terms of the landscape level, patch metric, area metric, shape metric, interspersion/juxtaposition and contagion metrics, and diversity metrics were used. Shape Index Mean (SHAPE_MN) quantifies the geometric complexity of the shape at several landscape levels [9,47]. Shape Index Area Weighted Index (SHAPE_AM) equals 1 if all patches are square and increases with complexity [47]. Higher values of SHAPE_AM indicate larger patches and, implicitly, more core area.



An assessment of landscape composition and configuration is performed at the class and landscape levels using FRAGTATS 4.2 for each individual image classification [47]. Table 2 represents different metrics of the landscape mosaic including composition, patch density, patch size, shape, landscape grain size, and patch adjacencies. Eight metrics were computed to quantify landscape structures. Metric selection was based on the objectives of the analysis for the three time points.



Table 2. Summary of landscape metrics used in this study (all formulas available in).







	
Acronym

	
Metric

	
Description

	
Reference(s)






	
Class Level




	
PLAND

	
Percentage of landscape

	
Proportion of the landscape occupied by certain LULC class

	
McCarigal & Marks (1995) [46]




	
AREA

	
Area

	
Area of patches (ha)

	
McCarigal & Marks (1995) [46]




	
NP

	
Number of patches

	
Number of patches in the landscape of the same LULC class

	
McCarigal & Marks (1995) [46]




	
LPI

	
Large patch index

	
Percentage of the landscape comprised by the largest patch of the corresponding LULC class

	
Forman (1995) [9]




	
CA

	
Class area

	
Class area (ha) Dominance index

	
McCarigal & Marks (1995) [46]




	
PD

	
Patch density

	
Calculation of the density of patches for each class within the landscape

	
McCarigal & Marks (1995) [46]




	
AREA_MN

	
Mean patch size (MPS)

	
Mean area of patches of the same LULC class (m2)

	
McCarigal et al. (2002) [47]




	
IJI

	
Interspersion and Juxtaposition index

	
Measure of evenness of patch adjacencies, equals 100 for even, and approaches 0 for uneven adjacencies

	
McCarigal & Marks (1995) [46]




	
Landscape Level




	
SHAPE_AM

	
Area-weighted mean shape index

	
Measures the complexity of patch shape of a particular class compared to a standard shape (square), by weighting patches according to their size. It equals 1 when all patches are square and increases with the complexity of patch shapes

	
McCarigal & Marks (1995) [46]




	
SHAPE_MN

	
Shape index mean

	
Computes an area-adjusted measure (to a square) of the average shape complexity for each class

	
McCarigal & Marks (1995) [46]




	
IJI

	
Interspersion/juxtaposition index

	
Measure of evenness of patch adjacencies, equals 100 for even and approaches 0 for uneven adjacencies

	
McCarigal & Marks (1995) [46]




	
CONTAG

	
Contag index

	
Measure of configuration that degree of spatial aggregation of land cover type

	
O’Neill, Krummel et al. (1996) [50]




	
SIEI

	
Simpson’s evenness index

	
A measure of configuration that quantifies the distribution of area among patch types

	
Simpson (1949) [46]










Metrics and indices for categorical maps are computed for analysing the landscape composition and configuration [46,47]. Spatio-temporal analysis in landscape patterns at various scales support ecological processes. Measuring the landscape patterns gives a better insight for understanding the relationship between landscape structure and the ecological process [48]. FRAGSTATS software package creates four output files corresponding to three levels in a table in text files of metrics namely; patch, class, and land [49].





3. Results


3.1. Accuracy Assessment


Table 3 shows the accuracy assessment with overall accuracy, producer’s accuracy, user’s accuracy, and Kappa coefficient [27,51] for the classified maps for 1984, 1998, and 2015. The accuracy assessments of the random forest classifications indicated overall accuracies of 96%, 97%, and 97% for the years 1984, 1998, and 2015, respectively. The Kappa coefficients of those dates were 0.94, 0.96, and 0.96, respectively. The most important variable of Landsat bands in the RF model that came out of predictors were band 5 (NIR, 0.85–0.88 nm), band 4 (Red, 640–670 nm), and band 3 (Green, 0.53–0.59), while DEM ranked the top four [52].



Table 3. Land use/cover classification accuracies (%) for 1984, 1998, and 2015.







	
Land Use/Cover

	
1984

	
1998

	
2015




	
P *

	
U *

	
P

	
U

	
P

	
U






	
Bare surface

	
96

	
93

	
97

	
98

	
99

	
98




	
Pasture

	
93

	
97

	
97

	
98

	
98

	
97




	
Cultivated area

	
0

	
0

	
93

	
96

	
88

	
96




	
Forest

	
87

	
98

	
99

	
96

	
98

	
96




	
Overall accuracy

	
96

	
97

	
97




	
Overall Kappa Statistic

	
0.94

	
0.96

	
0.96








Note: P * = Producers accuracy; U * = Users accuracy.









3.2. Landscape Structure and Dynamics


The [LULC] maps are shown in Figure 3 for three points in time (a, b, and c) and the classification area statistics in Table 4. The classified areas were measured in hectares and the percentage of land (PLAND) (Figure 4). Bare surfaces were the predominant landscape matrix in the study area respectively, for 1984, 1998, and 2015, which occupied 51.34%, 45.60%, and 47.38%, followed by pasture, which covered 37.07%, 39.35%, and 37.18%, respectively. Cultivated land covered 0%, 8.84%, and 6.57%, and forests covered 11.58%, 6.55%, and 8.86%, in the HSCZ for each year.


Figure 3. Random Forest Classification for HSCZ for (a) 1984; (b) 1998; and (c) 2015.
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Figure 4. Percentage of land (PLAND) in the HSCZ for years (a) 1984; (b) 1998; and (c) 2015.
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Table 4. Values of class land percentage, area, patch number, mean patch size, largest patch index, class area, patch density, and the interspersion and juxtaposition at the class level for the HSCZ in 1984, 1998, and 2015.







	
Land Use/Land Cover Class

	
Metric

	
Years

	
Changes 1984–1998

	
Changes 1998–2015




	
1984

	
1998

	
2015






	
Barren

	
PLAND

	
51.34

	
45.60

	
47.38

	
−5.74

	
1.78




	
AREA

	
198,383

	
176,209

	
183,093

	
−22.174

	
6.884




	
NP

	
3438

	
2563

	
2517

	
−875

	
−46




	
AREA_MN

	
5.19

	
6.18

	
6.54

	
0.99

	
0.36




	
LPI

	
17.6

	
12.7

	
14.8

	
−4.9

	
1.9




	
CA

	
17,854

	
15,859

	
16,478

	
−1.995

	
619




	
PD

	
9.8

	
7.3

	
7.2

	
−2.5

	
−0.1




	
IJI

	
69.04

	
66.21

	
56.72

	
−2.83

	
−9.49




	
Pasture

	
PLAND

	
37.07

	
39.35

	
37.18

	
2.28

	
−2.17




	
AREA

	
143,240

	
152,083

	
143,673

	
8.843

	
−8.410




	
NP

	
4391

	
2226

	
2586

	
−2.165

	
360




	
AREA_MN

	
2.39

	
6.14

	
5.00

	
3.21

	
−1.14




	
LPI

	
9.4

	
10.7

	
10.8

	
1.3

	
0.1




	
CA

	
12,892

	
13,687

	
12,930

	
795

	
−757




	
PD

	
12.6

	
6.4

	
7.4

	
−6.2

	
1




	
IJI

	
21.65

	
57.63

	
48.09

	
35.98

	
−12.11




	
Cultivated

	
PLAND

	
0

	
8.48

	
6.57

	
8.48

	
−1.91




	
AREA

	
0

	
32,806

	
25,398

	
32.806

	
−7.408




	
NP

	
0

	
1559

	
1282

	
1.559

	
−277




	
AREA_MN

	
0

	
1.46

	
2.40

	
1.46

	
0.94




	
LPI

	
0

	
0.9

	
0.9

	
0.9

	
0




	
CA

	
0

	
2279

	
3083

	
2.279

	
804




	
PD

	
0

	
4.4

	
3.6

	
4.4

	
−0.8




	
IJI

	
0

	
98.08

	
95.74

	
98.08

	
−2.34




	
Forest

	
PLAND

	
11.58

	
6.55

	
8.86

	
−5.03

	
2.31




	
AREA

	
44,750

	
25,321

	
34,255

	
−19.429

	
8.934




	
NP

	
1579

	
1546

	
1354

	
−33

	
−192




	
AREA_MN

	
2.55

	
1.90

	
1.68

	
−0.65

	
−0.22




	
LPI

	
2.0

	
3.3

	
3.1

	
1.3

	
−0.2




	
CA

	
4027

	
2952

	
2286

	
−1.075

	
−666




	
PD

	
4.5

	
4.4

	
3.8

	
−0.1

	
−0.6




	
IJI

	
57.43

	
98.12

	
99.81

	
40.69

	
1.69








Note: Negative values indicate loss and positive values indicate gain.








Changes are mapped for all land cover classes for all three points in time. The cultivated area was absent in 1984 [1] and it had greatly increased in 1998, by 8.48% as a result of socio-economic rural development promoted by the local government [43]. Between the years 1998 and 2015, the cultivated and pasture classes declined, while forest and bare surface increased.




3.3. Analysis of Landscape Metrics at Class Level


Table 4 illustrates the evolution of the selected metrics for the years 1984, 1998, and 2015 for the HSCZ at the class level. Patch metrics and area metrics were used in order to compute fragmentation statistics of the LULC types at the class level.



The Number of Patches (NP) decreased across all LULC classes, except cultivated area, which witnessed a significant increment in the period from 1984 to 1998. The highest value was observed for the pasture class, which decreased by 2165 patches from 1984 to 1998. In the period 1998–2015, a significant reduction of barren, cultivated, and forest land was observed, whereas pastures increased by 360 patches. The increasing NP indicates ecosystem degradation [53].



However, a decreasing NP means less fragmentation in the area of interest. There was a rapid expansion of areas for cultivated and pasture lands between 1984 and 1998, Figure 5. We conclude that the bare surface, pasture, and forest classes were not affected by fragmentation, with NP decreasing during the analysed period between year 1984 and 1998, meanwhile, there was a rapid expansion for cultivated areas in the same time.


Figure 5. Landscape metrics at class level for Number of patch (NP) in HSCZ for years 1984, 1998, and 2015.
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The mean patch size (MPS), also called the mean patch area (AREA_MN), is the average size of patches from a specific class [47] at the class level. MPS of the areas covered by barren, pasture, and cultivated areas showed an increase, whereas forest area witnessed a small reduction of MPS by 0.65 in the period 1984–1998.



However, there is a slight decrease in MPS for forest area by 0.22 and pasture area by 1.14 in the period 1998–2015, as shown in Table 4 and Figure 6. This implies that forest and pasture areas were undergoing conversion and fragmentation into bare and cultivated areas, or they had become more fragmented and heterogeneous.


Figure 6. Mean patch size (MPS) for land use/land cover classes of the HSCZ at three different times.
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There is a slight increase of the Largest Patch Index (LPI) for pasture, cultivated areas and forest from 1984 to 1998, while a sharp decrease can be seen for barren land, (Figure 7a). A decreasing trend in LPI indicates larger patches becoming fragmented into smaller patches and patchiness in the landscape over the time period. During the period from 1998 to 2015 the LPI increased for barren and pasture land showing an expansion in barren and pasture patches. However, the LPI was stable for cultivated areas with a slight decrease for forest by 0.2 in the period. Increasing LPI for forest is a desired trend in most national parks [54].


Figure 7. Landscape metrics at class level for HSCZ 1984, 19988, and 2015: (a) class area; (b) largest patch index and (c) patch density; and (d) interspersion and juxtaposition.
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In 1984, bare surface occupied 198,383 ha followed with pasture by 143,240 ha of the total area. In contrast, forest covered only 44,750 ha without any cultivated areas present in HSCZ. Class area (CA) of cultivated and pasture land increased sharply by 2279 ha and 795 ha, respectively (Figure 7b). At the same time, barren and forest lands decreased by 1995 ha and 1075 ha from 1984 to 1998. The CA of bare surface increased in the last 17 years, followed by a continuing increase in cultivated area, whereas the CA for pasture and forest decreased for the period 1998 and 2015.



Patch Density (PD) for pasture area witnessed a significant reduction from 12.6 patches per 100 ha in 1984 to 6.4 patches per 100 ha in 1998, which decreased by 6.2 patches per every 100 ha over the 14-year period. The decrease in PD suggests that human activities have been restricted in the studied period. PD for barren land decreased from 9.8 to 7.3 and to 7.2 for classified maps from 1984, 1998, and 2015, respectively (Figure 7c).



However, lower values of PD in a class suggest that this class was present in a less fragmented state. The PD of cultivated areas increased from being totally absent in 1984 to 4.4 by 1998. This increase reflects unrestricted human activities in the area of interest. PD decreased for all land use/land cover classes between the years 1998 and 2015, except the pasture class, which increased slightly by 1 patch per100 ha (Table 4).



The interspersion and juxtaposition values (IJI), indicated that most of the cultivated and forest classes reported almost the same level of interspersion in 1998, indicating their high interspersion (Figure 7d). These two classes are intercalated among the other classes, which form a mosaic, and each class has a common border with all others. The greater complexity is reflected in an increase in the interspersion and juxtaposition index, as presented in Table 4. Furthermore, a higher degree of aggregation, or clumpiness, indicates more adjacency of patches and grater landscape heterogeneity. Figure 8 and Figure 9 illustrate both positive and negative changes for land use/land cover pattern of the HSCZ in two different time periods, from 1984 to 1998 and from 1998 to 2015, respectively.


Figure 8. Changes in land use/land cover from 1984 to 1998 for metrics PLAND, AREA, NP, AREA_MN, Largest Patch Index (LPI), class area (CA), Patch Density (PD), and interspersion and juxtaposition (IJI).
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Figure 9. Changes in land use/land cover from 1998 to 2015 for metrics PLAND, AREA, NP, AREA_MN, LPI, CA, PD, and IJI.
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3.4. Analysis of Landscape Metrics at the Landscape Level


The value of SHAPE_MN varies between 1.22 and 1.26 from 1984–2015, indicating an almost regular outline (Figure 10). When the values of SHAPE_MN are similar, patches kept their form closer to a circular shape from 1998 to 2015. Over the studied period, patches have a slight tendency towards irregular shapes, specifying more core area and less edge.


Figure 10. SHAPE_MN and SHAPE_AM for land use and land cover (LULC) changes of the HSCZ 1984, 1998, and 2015.
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In the HSCZ, SHAPE_AM in 1998 was the lowest (SHAPE_AM = 13.85), which means patches were smaller. The patches were larger for images from 1984 (SHAPE_AM = 19.08), followed by 2015 (SHAPE_AM = 14.44). The decrease of SHAPE_AM indicates less complexity of the landscape.



The interspersion and juxtaposition (IJI) values at the landscape level, increase from 54 in 1984 to 74 in1998. This increase in value indicates that the landscape is dominated by a few large (contiguous) patches. Meanwhile, the results of IJI display decreases from 74 in 1998 to 68 in 2015, which shows increasing subdivision and interspersion of patch types (Figure 11).


Figure 11. Interspersion and juxtaposition IJI, Contagion index (CONTAG), and Simpson’s evenness index (SIEI) for LULC changes of HSCZ 1984, 1998, and 2015 at landscape level.
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The results concerning the contagion index (CONTAG) indicate an increasing trend towards landscape aggregation, especially from 31.5 in 1984 to 39.5 in 1998, and almost in 2015 as well. This increase shows that the level of fragmentation is higher because of the existence of a number of privately cultivated areas. As mentioned earlier, this related to the migration of the villagers moving back to their homesteads and the return of farming to the area (Figure 11). In terms of Simpson’s Evenness Index (SIEI) high values of the SIEI indicate a high evenness in the distribution of areas among patch types. SIEI for all three images imply high evenness with 0.87, 0.83, and 0.83 for 1984, 1998, and 2015, respectively (Figure 11).



Overall, the land use/land cover LULC change analysis revealed that the most significant shifts were the reduction of bare surface and forest with an increase of cultivated and pasture areas between 1984 and 1998, whereas the process became reversed for the second period between 1998 and 2015, by decreasing cultivated and pasture surface areas and increasing in barren land and forest. Between 1984 and 1998, forest area decreased by 19,429 ha with a decrease of MPS, as well; thus, this reduction affects the wildlife corridors and habitat, negatively. Furthermore, the metrics concerning the landscape changes can tell us that the process of fragmentation isolate patches from each other. However, the fundamental idea behind any park in the world is to support the diversity of plants and animals through enhancing and protecting national park systems by reducing fragmented blocks. The increase of farmland is due to the continuing return of people to this region.





4. Discussion


In general, the major changes in the landscape for the study period occurred between 1984 and 1998, whereas the changes were smoothed between 1998 and 2015. The Landsat data revealed a clear shift in land cover dynamics after the 1980s, largely due to rapid growth of settlements [1,25] and demands for food and fuel.



Classification results show that the bare surface and pasture areas cover the largest parts of the study area, whereas forest and cultivated areas cover much smaller areas. As summarised in Table 4, bare surfaces covered 198,383 ha (51.34% of the land area) in 1984 and decreased to 176,209 ha (45.60%) in 1998. Between 1998 and 2015 bare surfaces increased again to 183,093 ha (47.38%). Cover by pastures increased by 8843 ha from 1984 to 1998. Thus, the decline in animal grazing that had taken place in the 1980s, because of the war, led to an expansion of pasture land from 143,240 ha in 1984 to 152,083 ha in 1998. However, after the fall of Baghdad and the rapid growth of settlements in the region, the pasture area declined from 152,083 ha in 1998 to 143,673 ha in 2015. Hence, this reduction of pasture land indicates increasing land use pressure for agriculture and animal grazing. The loss of soil fertility and desertification are two common concerns for decreasing the productivity of pasture plants as a result of exposing the plants to intensive grazing for extended periods of time. High animal stocking rate and grazing cattle consequently effects on soil quality and pasture production and composition, and prevents regrowth native ecosystems [55].



Results indicate that the total forest area decreased from 44,750 ha (11.58%) to 25,321 ha (6.55%) between 1984 and 1998. In the second period, 1998 to 2015, the forest area increased from 25,321 ha (6.55%) to 34,255 ha (8.86%). Human pressures on forests caused forest degradation in the first period which was due to an overexploitation of small trees from most accessible sites, which were used mainly as fuel for cooking and heating. Furthermore, demand for wood increased exponentially during the 1990s when there was a lack of electricity and fuel. Therefore, we conclude that population growth in the study area was also another reason that led to extensive forest degradation and deforestation. Increases in forest area from 1998 to 2015 indicate a better socio-economic state and better management practices. The results also reveal that cultivated areas grew sharply by 32,806 ha (8.48%) between 1984 and 1998, while, for the second period after the fall of Baghdad in 2003, the area of cultivated land decreased by 7408 ha (6.57%). The reason for this could be that, in the rural area, farm labour forces shift from agriculture into other activities as economic development proceeds. Socio-economic growth in the rural landscape has become a lasting concern [56]. The population of the study region declined dramatically from 1984–1991 [1]. In the 1990s and after the First Gulf War, abandonment of agricultural land was widespread in the study region [22].



Additionally, the expansion of human settlements and other infrastructure development activities, with the expansion of road networks after the First Gulf War and the fall of Baghdad in 2003, are major trends for increasing the cultivated area. Roads are also considered a major driver of forest fragmentation because they contribute to decreased patch connectivity and increased edge density [57]. The changes in cultivated land between 1984 and 1998 are the results of anthropogenic activities, which led to an increase of NP by 1559 patches. This increase of NP for cultivated areas is also confirmed by a decrease of MPS from 1.46 ha in 1984 to 0.94 ha in 1998, (Figure 5). At the same time decreasing PN for barren land, pasture and forest corresponds to decreases in area extent. Between 1998 and 2015 there is a decrease of NP and MPS of barren, cultivated, and forest land. An increase of NP indicates ecosystem degradation. We find that, over the past 31 years, human activities have caused fast and more extensive changes to the ecosystems.



An obligatory relocation of households out of the core zone took place in all districts and sub-districts in the 1980s. This research shows that the conversion of LULC classes can detect the influence of anthropogenic activities on the landscape and their effects on fragmentation, connectivity, and heterogeneity of the protected area. In general, more fragmented land in any national park leads to the decrease of movement for animals with less connectivity. The greater complexity and heterogeneity is reflected in an increase in the interspersion and juxtaposition index. The result of the interspersion and juxtaposition index shows a high heterogenic landscape for cultivated areas and forest, followed by pasture classes between 1998 and 2015 (Table 4).



Fragmentation and loss of forest land are considered the greatest threat to global biological diversity in national parks [58]. Fragmentation isolates the patches and negatively impacts species composition due to a reduction in forest area. Therefore, the fragmentation leads to more isolated patches. Finally, this research demonstrates the applicability of remote sensing and GIS analysis in using landscape pattern metrics.




5. Conclusions


A detailed land cover change analysis between each time period enabled a better understanding of changes in the HSCZ. The results showed that land use/land cover LULC in the study area is particularly dynamic and the structure of the landscape in the HSCZ has changed significantly during the 31-year study period. These changes are heterogeneous in space, time, and land cover distribution. The observed landscape changes are clearly linked to the agricultural sector, especially for the first period. Rapid landscape structure changes have been observed. There were drastic changes in the temporal and spatial patterns of the cultivated land cover class, which can have harmful impacts on the national park such as habitat loss, soil erosion, and land degradation.



Increases in the rural population and expansion of human settlements have caused irregular land use/land cover changes. Fuelwood was the most important energy source in the study region in the past decades and the improvement in forest cover was enabled by better socio-economic conditions and new restrictions on the collection of fuel and fire wood. As a result, the changes in the area of interest have slowed since 1998. The decreasing fragmentation is positive for biodiversity in the study area. In general, areas of bare surface and forest declined and became more fragmented for the years 1984 and 1998; at the same time, cultivated areas increased, with a continuing fragmentation of pasture land.



Remote sensing, GIS, and landscape metrics were used to prepare LULC maps, identifying, and analysing the changes that occurred over time. Understanding and monitoring of the dynamics of changes in land use/land cover is increasingly significant for the sustainable management of natural resources. Using landscape metrics provides many facilities in landscape ecology studies. Measuring the landscape serves as a useful tool to define the landscape structure in its various aspects, which includes the number of metrics; for instance, patch numbers and mean patch size are good indicators of the landscape pattern changes.
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