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Abstract

:

Landscapes display overlapping sets of correlations in different regions at different spatial scales, and these correlations can be delineated by pattern analysis. This study identified the correlations between landscape pattern and topography at various scales and locations in urban-rural profiles from Jilin City, China, using Pearson correlation analysis and wavelet method. Two profiles, 30 km (A) and 35 km (B) in length with 0.1-km sampling intervals, were selected. The results indicated that profile A was more sensitive to the characterization of the land use pattern as influenced by topography due to its more varied terrain, and three scales (small, medium, and large) could be defined based on the variation in the standard deviation of the wavelet coherency in profile A. Correlations between landscape metrics and elevation were similar at large scales (over 8 km), while complex correlations were discovered at other scale intervals. The medium scale of cohesion and Shannon’s diversity index was 1–8 km, while those of perimeter-area fractal dimension and edge density index were 1.5–8 km and 2–8 km, respectively. At small scales, the correlations were weak as a whole and scattered due to the micro-topography and landform elements, such as valleys and hillsides. At medium scales, the correlations were most affected by local topography, and the land use pattern was significantly correlated with topography at several locations. At large spatial scales, significant correlation existed throughout the study area due to alternating mountains and plains. In general, the strength of correlation between landscape metrics and topography increased gradually with increasing spatial scale, although this tendency had some fluctuations in several locations. Despite a complex calculating process and ecological interpretation, the wavelet method is still an effective tool to identify multi-scale characteristics in landscape ecology.
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1. Introduction


Spatiotemporal correlation is one of the fundamental processes generating the order, pattern, and diversity observed in nature [1]. Landscape patterns result from spatial heterogeneity, which in turn originates from the changes in spatial dependence [2]. As a basic geographical element, the topography is tightly linked to the landscape heterogeneity and thus affects a wide range of landscape patterns and ecological processes, such as species diversity, organic carbon dynamics, and the water cycle [3,4,5]. In an analysis of spatial correlation, Wu found that correlations tended to decline with increasing distance scale [2]. To be exact, most landscape features and variables show a negative relationship between correlation and distance within a neighborhood space [6]. The strength and type of the correlation may also change with the spatial scale. It is generally believed that as the grain size or extent of the study area increases, the correlation coefficient between variables should increase [2]. This scale dependence is a key issue that needs to be considered when studying the correlations between landscape heterogeneity and its influencing factors [7]. Compared with the single value calculated under a given scale and at a specific location, the multi-scale and multi-location characteristics may be more reliable and valuable in the analysis of ecological phenomena [8,9,10,11]. For example, Wu proposed that ecological disturbances, which can change the structure of a landscape pattern, will have multi-scale features at a given location [12]. Also, the disturbance at a single scale may not be relevant at all spatial scales, and the disturbances at small scales are usually the result of some natural phenomenon occurring at larger spatial scales. A parallel study to identify the scales and locations of correlations can yield a detailed understanding of how the topography, human influences, and other factors affect the landscape pattern [13].



The study of spatiotemporal relationships between landscape heterogeneity and topography has progressed by using landscape metrics and spatial statistical methods [13,14,15,16]. The Pearson correlation coefficient is the most widely applied statistic used to quantify linear similarity [13]. Biswas and Si indicated that the higher the value of the Pearson correlation coefficient, the greater the overall influence of the factor on the landscape pattern [14]. However, the Pearson correlation coefficient is calculated using the sampling scale and thus lacks local area property, making it difficult to indicate the variation in associations at different spatial scales and at different locations. To avoid such limitations of using a single correlation coefficient, spectral analysis is a suitable method of examining periodic spatial or temporal land use data in the frequency domain, although the difficulty of finding ideal periodic data in nature limits its application of spectral analysis [17]. The studies reported by Torrence and Compo [18] and by Saunders et al. [19] demonstrated that spectral coherency functions could be used to obtain the scale characteristics of correlations, but this method can hardly capture localized features. Both of the correlation coefficient and spectral methods display the familiar disadvantages of measuring the correlations at the location-scale unit, and this may mislead researchers as to the overall conclusions [14]. To identify the correlated features at various scales and locations, Hiebeler et al. proposed a spatially discrete continuous-time patch-occupancy Poisson model to analyze the spatiotemporal correlations in a heterogeneous, dynamic landscape, and the results indicated that the population density can increase when increasing the spatial scale of block disturbance [15]. In addition, Ma et al. applied four regression models to analyze the scale dependence and temporal variation of correlation between land surface temperature and urban surfaces; the authors found that the relationship changed with the spatial scale (ecoregions, urban clusters, and urban core areas) at different times [13]. In general, although much effort has been made to understand the effect of scale on landscape spatiotemporal heterogeneity and the relationships among influencing factors [20,21,22], it is still a significant task to identify the multi-scale and multi-location features of correlation [19].



In contrast to the traditional correlation coefficient method, wavelet analysis performs well in regards to time and frequency, indicating that the wavelet method can associate the spatial and temporal landscape pattern with scales at local locations [23]. Compared with spectral analysis, the wavelet method is much more practical for complex ecological problems, such as the hierarchy and repetitious characteristics of natural landscape patterns; the wavelet method also does not assume periodicity in the data [24,25]. Wavelet coherency, which is derived from the continuous wavelet transform (CWT), has advantages for multi-scale correlation analysis, and it may be an alternative method for the identification of correlations between landscape pattern and influencing factors without the limitations of the correlation coefficient or spectral coherence [19,26,27]. Biswas and Si applied the wavelet coherency method to the correlation between soil water storage and topography, sand, and CO2, demonstrating that wavelets could be used to determine the correlations at given spatial positions and scales [14]. In this study, we used Pearson correlation analysis to evaluate the similarities between landscape patterns and topography. We also applied the wavelet method to identify the multi-scale and multi-location characteristics of the correlations by defining three main scale intervals (the detailed information, such as terrain undulation reduces as the order: small, medium and large scales). Two main tasks were considered:




	(1)

	
The effectiveness and adaptability of the Pearson correlation coefficient and wavelet coherency methods in studying the relationship between landscape heterogeneity and topography were analyzed.




	(2)

	
The sensitivity of landscape metrics in describing the influence of topography on the landscape pattern, especially the locally correlated features at different scales and locations in an urban-rural profile, were analyzed using the wavelet coherency method.










2. Materials and Methods


2.1. Data


The study area was located at 42°31′N–44°40′N, 125°40′E–127°56′E, Jilin Province, China. The Songhua River originating from the Changbai Mountains crosses the center of the metropolitan area before turning north into Russia. The land classification data were recorded from the land use survey of Jilin City, China in 2005 with the resolution 20 m and the terrain of Jilin slopes downward gradually from the southeast to the northwest (Figure 1). The topography factors used in this paper were elevation, slope, and aspect from the SRTM data with the resolution 90 m. The aspect was divided into five grades based on the azimuth: 0–22.5° and 337.5–360°, 22.5–67.5° and 292.5–337.5°, 67.5–112.5° and 247.5–292.5°, 112.5–157.5° and 202.5–247.5°, 157.5–202.5° (assigning the value as 1, 2, 3, 4 and 5, respectively).



According to the variation in terrain undulation and land use, A and B profiles (30 and 35 km in length, respectively) in the peri-urban area were selected; this covered nearly all of the land-use types in Jilin City (Figure 1). Profile A was located west of the downtown area and displayed a rather complex terrain, and the number of land use types gradually declined with distance from the urban region. Profile B was located in the Changyi District and had a relatively flat terrain and less varied land use.



Considering the effectivity of landscape metrics quantifying land use change and analyzing the correlation between landscape pattern and topography, the following landscape metrics were selected (Table 1): The proximity and cohesion index were selected to describe the aggregation degree; the perimeter-area fractal dimension (PAFRAC) was selected to describe the shape complexity of the landscape; the edge density index (ED) was selected to describe the area-perimeter information; and Shannon’s diversity index (SHDI) was selected to describe the diversity of the landscape [2,12,28]. These landscape metrics, along with the urban-rural profiles, were calculated at the landscape level using a 1 km window size with the FRAGSTATS software [28], and the results were shown in Figure 2.




2.2. Pearson Correlation Coefficient


The Pearson correlation coefficient was calculated to evaluate the overall linear relationship [14]. Let X represent the landscape metric data and Y represent the topographical factor. The correlation r can be calculated as:


  r =   N ∑  x i   y i  − ∑  x i  ∑  y i      N ∑  x i    2  −   (  ∑  x i   )  2      N ∑  y i    2  −   (  ∑  y i   )  2       



(1)







A higher value of r indicates a greater correlation. A value of   r = 1   would indicate perfect similarity between landscape and topography data.




2.3. Continuous Wavelet Transform


Similar to the Fourier transform, the wavelet transform extends the time series from the spatial domain to the frequency domain [29]. By stretching the mother wavelet (e.g., the Haar, Mexican Hat, and Meyer and Morlet wavelets), the wavelet transform can obtain multi-scale characteristics of the signal [19]. The selection of wavelet function needs to follow the principles of zero-mean and convergence in both the spatial domain and the frequency domain [17].



As a complex symmetric function, Morlet wavelets can extract phase and amplitude information from the data [18,27]. In the spatial domain, the Morlet wavelet is defined as:


  ψ  ( η )  =  π  − 1 / 4    e  i  ω 0  η − 0.5  η 2     



(2)




where  η  and    ω 0    denote the non-dimensional spatial parameter and non-dimensional frequency, respectively. When    ω 0  = 6  , the Fourier period and scale are nearly equal (  λ =   4 π    ω 0  +   2 +  ω 0 2      s ≈ 1.03 s  ), and this is advantageous for illustrating periodicity in the data [23].



By assuming a set of discrete sequences    X n    with same spatial sampling interval    δ t   , the CWT can be defined as the convolution of a discrete sequence and Morlet wavelets:


   W n X   ( s )  =   ∑   n ′ = 0   N − 1    X  n ′   ψ ∗  [   (  n ′ − n  )   δ t  / s  ]  ,   n = 0 … N − 1  



(3)




where  ∗  indicates the complex conjugate. By changing the values of scale parameter  s  and the translation parameter  n , the variation characteristics of sequence    x n    along with scale and location can be obtained. In order to improve computational speed, the CWT is generally performed in the Fourier frequency domain [18]. The Fourier transform of discrete sequence    X n    is given by the following equation:


    x ^  k  =  1 N   ∑  n = 0   N − 1    X n   e  − 2 π i k n / N   ,   k = 0 … N − 1  



(4)







According to the convolution theorem, the wavelet transform is inverse Fourier transform represented as [23]


   W n X   ( s )  =   ∑   k = 0   N − 1     x ^  k   ψ ^  ∗  (  s  ω k   )   e  i  ω k  n δ t    



(5)




where   ψ ^   and    ω k    represent the Fourier transform of Morlet basis and frequency, respectively. The wavelet transform of the discrete sequence can be calculated by Equation (5). As s increases, the spatial resolution is reduced and the frequency resolution rises, corresponding to low-frequency data. Since the Morlet wavelet is a complex function, the calculated value of the CWT is also complex. The result can be expressed as   a + i b  , where  a  and  b  represent the real part and imaginary part of the wavelet transform    W n X   ( s )   , respectively. The formula for wavelet transform phase is   θ =   tan   − 1    b a    with the range    [  − π , π  ]   , while the wavelet power spectrum is     |   W n x   |  2    [10].



Given that the length of an urban-rural profile is finite, the errors existing at the beginning and end of the wavelet power spectrum need to be considered. The influence of the cone (COI) is caused by the discontinuity of discrete data at the boundary. This can be solved by the method of padding the end of spatial series with zeroes before the wavelet transform and then eliminating the added zeroes afterwards [18]. This phenomenon occurs in non-stationary data but not in a periodic sequence [10].




2.4. Wavelet Coherency Analysis


For two spatial series, the wavelet coherency method is quite useful for analyzing local linear correlation at a given location and spatial scale and for determining whether the occurrence of a frequency in sequence X is related to sequence Y at the same position (Figure 3). This analysis is similar to the traditional correlation coefficient method, while the wavelet coherency at multiple scales is more reliable compared with the single value obtained under the sampling scale [23]. A detailed definition of the wavelet coherency method is given in [27].


   R n 2  =      |  S  (   s  − 1    W n  X Y    )   |   2    S  (   s  − 1     |   W n X   |  2   )  . S  (   s  − 1     |   W n Y   |  2   )     



(6)




   W n  X Y     is defined as    W  X Y   =  W X   W  Y ∗     to represent the cross-wavelet transform. The function  S  is an operator smoothing the wavelet power spectrum in order to increase the degrees of freedom and enhance the confidence level of significant power regions [19]. For the Morlet wavelet,  S  can be defined as [10]:


  S  ( W )  =  S  s c a l e    (   S  s p a c e    (  W  (  s , τ  )   )   )   



(7)




where    S  s p a c e     indicates smoothing along the spatial location and    S  s c a l e     indicates smoothing along the scale. The former is represented as [30]


   S  s p a c e    (  W  (  s , τ  )   )  =   ∑   k = 0   N − 1     (  W  (  s , τ  )   1  s   2 π     exp  (  −     (  τ −  x k   )  2    2  s 2     )   ) |  s   



(8)




where the Fourier transform of the smoothing function    1  s   2 π     exp  (  −     (  τ −  x k   )  2    2  s 2     )    is expressed as   exp  (  − 2  s 2   ω 2   )   . According to the convolution theorem, Equation (8) can be written based on the fast Fourier transform and inverse Fourier transform as [14]:


   S  s p a c e    (  W  (  s , χ  )   )  = I F F T ( F F T  (  W  (  s , τ  )   )  ( exp  (  − 2  s 2   ω 2   )  )  



(9)







   S  s c a l e     can be defined as


   S  s c a l e   W  (   s k  , χ  )  =  1  2 m + 1     ∑   j = k − m   k + m      (   S  s p a c e    (  W  (   s j  , χ  )   )  . Π  (  0.6  s j   )   )  |  χ   



(10)




where  Π  represents rectangle function and parameter 0.6 is the empirical value of de-correlation length based on Morlet wavelet [10,18].



According to the trend of standard deviations of calculated wavelet coherency, three main scale intervals (small, medium, and large scales) and the relative average correlation-location curves of the variables could be defined to study the correlation characteristics between topography and land use data at different locations. At small scales, the standard deviations changed slightly, and the correlation features were weak and scattered because landscape patches were more affected by some small topographical features, like valleys and hillsides. At medium scales, the standard deviations show larger fluctuation, and the changes in land use were related to the topography at a specific location, such as A2 and A3 regions in profile A (Figure 1). At large scales, if the study area was wide enough without the effect of COI, the standard deviations remained nearly unchanged and close to zero. Strong positive correlations were very apparent throughout the study area; this was influenced by the alternate mountains and plains rather than the topographic features at small or medium scales.




2.5. Test of Significance


Traditional significance tests of hypotheses are not suitable for the coherence analysis due to the redundancy caused by a non-orthogonal wavelet function in the CWT [27]. This study applied the Monte Carlo method to test the significance of the coherencies. The first-order autocorrelation coefficients for paired samples (topography factor and landscape metric) were calculated to generate a new red noise spectrum replacing the original data [31]. Then, 1000 realizations of the spatial series were generated, and the wavelet coherency of each realization at each scale and location was calculated. After that, the calculated 1000 wavelet coherencies at each scale were arranged in increasing order. Based on the order results, 95% of the calculated values were below the 950th wavelet coherency value; this then defined the 95% confidence interval at relevant scale and location [10,14]. If the statistical result falls into the 95% confidence interval, then it is possible for the landscape metric and topography factor to be perfectly correlated at that scale. If the statistical result does not lie within the confidence interval, the correlation between variables can be an unreliable indicator of causality [27]. The correlations shown in the wavelet coherency diagram indicate whether and how strong the landscape metrics are related to the topography factor. The continuous wavelet transform, coherency analysis and Monte Carlo significance test were completed using the MATLAB codes written by Grinsted et al. [27].





3. Results


3.1. Overall Pearson Correlation


Table 2 lists the overall Pearson correlation coefficients between landscape metrics and topography factors. For profile A, none of the employed metrics were linearly dependent on the aspect, and the linear correlation between the metrics and DEM was stronger than that for slope, with ranges of 0.612 to 0.753 and 0.416 to 0.495, respectively. In contrast to other metrics, the cohesion index had a positive linear correlation with both DEM and slope. There was no significant linear correlation between proximity index and topography factors, while the SHDI was the most sensitive index for describing the influence of elevation and slope on the landscape heterogeneity, with coefficients of −0.753 and −0.462, respectively. As for profile B, each coefficient was below 0.3, indicating that there was no significant linear correlation between the variables. Even when the correlation coefficient was effective in evaluating the overall linear correlation, the scales and locations of the correlations along the profiles could not be identified.




3.2. The Wavelet Coherencies between Topography Factors and Landscape Indices


Along profile A, 303 sampling points with the same interval were selected, and the local coherencies between landscape metrics and elevation were calculated at 69 scales (Figure 4). According to the wavelet coherencies and variation in standard deviation of the calculated values at each scale, three main scale intervals for each landscape metric (except proximity index) were defined (Table 3), and relative average correlation-location curves at different scale intervals were obtained (Figure 4).



The correlations between the PAFRAC index and elevation exhibited obvious multi-scale characteristics. As shown in Figure 4, there were no significant coherencies at small scales. At medium scales, the related features changed with location, with the average values of the correlation-location curve from A2 and A3 regions all over 0.5. The strong correlation in the A2 region resulted from the major road crossing the valley; this feature strongly affected the land use pattern in this area. In the A3 region, the intense terrain undulation may have led to a low complexity value of the landscape by influencing the patch length and number, and especially the occurrence of large patches. As scale increased, the calculated pixels at small or medium scales combined to form a new cell with a larger size, meaning that the micro-topography elements were replaced by larger fluctuations. This change of scale would enhance the correlation between landscape pattern and elevation. At large scales, the index was negatively linked to elevation, with the average correlation values above 0.6 throughout the study area. This indicated that the PAFRAC index was sensitive enough to describe the influence of elevation on landscape at this scale.



The strength of correlation between the cohesion index and elevation overtook the PAFRAC index in total. At small scales, the correlation between variables lacked regularity. At medium scales, the correlation was controlled by the topography of local positions, for example, in the A2 region where correlation-location curve peaked with the average value over 0.5. The correlation period in the A3 region indicated a gradual upward trend from 4 to 7 km, which may have been caused by the distance from the downtown area. At a certain distance from the center of the downtown area, human behavior dominates the landscape pattern. This results from, for example, the exploitation of constructive and non-constructive land, leading to many small patches, and the landscape can be more fragmented. As sampling points became farther away from urban area, the influence of topography strengthened along with the weakening influence of human activities. A more varied topography may lead to a simpler landscape pattern because human activities are impeded in these areas. At larger scales, the average values in the location curve exceeded 0.7. This significant correlation indicated that the cohesion index could be applied to describe the influence of topography on landscape aggregation degree. As the scale increased, some large fluctuations of metric and elevation appeared, while small fluctuations in the terrain observed at small and medium scales became weakened or disappeared. A similar phenomenon also occurs in the correlation relationship between the ED index and elevation.



The correlation between the SHDI index and elevation exceeded the other three metrics. At medium scales, the SHDI index was negatively related to the elevation in the A3 region. Compared with the other metrics, a larger significant area in the A3 region indicated a stronger sensitivity to describing the terrain variation affecting the landscape pattern in this scale-location range. As for the cohesion index, the related period between SHDI index and elevation showed a gradually increasing trend. At large scales, the SHDI index was negatively related to elevation in the total study area. As the topography became more complex, the numbers of patches and patch types both showed a descending trend, leading to the increasing area of the dominant type. In addition to elevation, the wavelet coherencies between landscape metrics and other topography factors (slope and aspect) along Profile A were calculated (Figure 5). On the whole, the responses of landscape metrics to different topographic factors differed. In comparison to the random and scattered correlation features with aspect, the landscape metrics were significantly related to elevation and slope, indicating that the landscape was more likely to be dominated by elevation and slope rather than aspect within a certain range. This phenomenon might result from the terrain variation within the total study area. Even though the terrain of profile A was more varied compared with that of profile B, the degree of terrain variation was still limited in that the sunlight intensity could not generate a large influence on the variation of land use patterns at different locations within the region.



Along profile B, 349 sampling points were selected with an interval of 100 m. The results are shown in Figure 6. The wavelet coherencies between topographical factors and landscape indices lacked regularity at each scale, and the weakly related characteristics were more influenced by human activity, e.g., traffic and human habitation.





4. Discussion


As a multidimensional variable, topography affects the landscape pattern over a wide range of scales and locations [14,32,33]. Significant correlations within regions and scales change according to the research object and the range of the study area [8]. To some microorganisms or reptiles, the correlations at small scales can be more significant than those at larger scales, and the significant regions at different scales can be displayed in smaller units, such as meters or centimeters [8]. Given that the calculated correlation features were only identified in our study area, more research is needed to judge whether the results would be effective in other regions.



Massive amounts of empirical research have demonstrated the existence of spatial correlation and its scale dependency in landscape patterns and ecological processes [2,7,34]. Although some previous studies have analyzed the relationship between landscape pattern and topography or other influencing factors [5,35,36], our study has focused more attention on the identification of scales and location using wavelet analysis; the results have essential implications for a detailed understanding of the relationship between landscape patterns and ecological processes. The information obtained from a single spatial scale is limited, and the features of correlation may vary with the location at different scales [13,24]. The wavelet method is very effective in processing complex land use data and relating the landscape pattern with scale at a local position; this is useful for detecting the hierarchy, aggregation, and other important landscape features over a wide range of scales and locations [14,19]. Considering the multi-scale property, the application field of wavelet analysis could be further expanded. For example, a current topic of interest in the study of urban heat islands (UHI) is the influence of factors, such as the vegetation and water on the strength of UHI. The wavelet method can analyze periodic and correlated features with factors at different scales and locations, avoiding the limitation of a single scale and a single area [13].



Even using wavelets, there are still some deficiencies. The selected landscape metrics may show correlations mainly caused by similarities in mathematical formulas, although the metrics may have different ecological meanings in describing the landscape pattern. The selected size of the moving window used in calculating the landscape metrics also influences the results. The resolution of DEM and other related topography data are equal to 90 m, lower than the land classification data measured using GPS. In fact, higher resolution concerning land use and topography will yield more detailed information, such as the degree of terrain undulation, which may lead to wider options of the chosen spatial scales and more credibly correlated characteristics. Both of the above deficiencies, regardless of size selection and resolution, refer to the scale issue and would benefit from further study. The results presented herein suggest that multi-scale and multi-location landscape features can be identified using the wavelet method.




5. Conclusions


This study analyzed the similarities between topographical factors and landscape metrics using the Pearson correlation coefficient, identified the scales and locations of the correlations between variables using the wavelet coherency method in urban-rural profiles, and obtained average correlation-location curves under different scale intervals. According to the experimental results, we may draw the conclusions that follow.




	
The wavelet analysis was more sensitive than the Pearson correlation coefficient for describing the correlations between landscape patterns and topography at different scales, and the topography was much more related to land use pattern in the complex area than that in the flat area.



	
Landscape metrics should not be chosen randomly to study ecological phenomena. This is because some landscape metrics were not sensitive to the terrain variation (e.g., the proximity index), while other selected metrics displayed obvious multi-scale features in describing the influence of the 3D terrain (mainly the elevation and slope) on the landscape pattern.



	
The multi-location correlation characteristics at different scales were measured along urban-rural profiles. For example, the influence of traffic lines on the land use distribution within a neighborhood space was indicated only at medium scales in the A2 region, while the correlation was extremely weak at smaller scales and extremely strong at larger scales for the total study area.



	
The variation of the correlation period between topography and landscape metrics, especially the decrease shown in the A3 region, can be seen as important evidence that the main influencing factors of landscape pattern gradually changed from human influences to topography.



	
The identification of multiple scales and locations using the wavelet method supplies us with new insights into the relationship between landscape heterogeneity and topography. However, this kind of method is still too complex, and the ecological interpretation of wavelet coherencies needs to be supplemented as well as have a more accurate division strategy of scale.
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Figure 1. The digital elevation model (DEM) and landscape of Jilin City and the locations of landscape profiles A and B (a). The correlations between landscape and topography at specific locations A1, A2, and A3 within profile A are shown in (b). A1 is located in the north of the downtown area and includes more diverse land use types in its northern part. A2 has two major roads across the valley, and the land use types are distributed symmetrically along the traffic lines. A3 represents the mountain area, and the number of landscape patches is less than in the other samples. The area is located approximately 15 km from the downtown area. 
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Figure 2. The variations of topographical factors and landscape indices after zero-mean normalization in profiles (A) complex area and (B) flat area. 
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Figure 3. A wavelet coherency and spectrum coherency diagram. The simulated data L1 and L2 have a perfect similarity between the locations [0, 400] and [1200, 1600] with the correlation coefficient 1, and a negative correlation between the locations [400, 1200] with the coefficient −1. The overall correlation coefficient is thus equal to zero with no apparent explanation. In the wavelet diagram, the X axis represents the location in the profile; the Y axis represents the correlation period; the thick black line represents the 95% confidence level; the solid black line represents the COI, and the direction of the arrow represents the type of correlation. The right-directed arrow indicates a positive correlation, while the left-directed arrow indicates a negative correlation. The Fourier period is approximately the same as the scale. It can be seen that there is a significant positive correlation within the range of scales [40, 128] in the areas I and III as well as a significant negative correlation in the area II when the scale exceeds 256. In the spectrum coherency diagram, the X and Y axes represent the normalized frequency and correlation coefficient, respectively, and the chart shows a clear scale relationship without location information. 
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Figure 4. The wavelet coherencies between landscape indices and elevation in profile A. The capital letters S, M, and L represent small, medium, and large scales, respectively. The figures on their left represent the wavelet coherencies and standard deviation curves. The captions describe the relative scale intervals. The figures to the right of the letters represent the wavelet diagrams and average correlation-location curves corresponding to small scales, medium scales, and large scales from top to bottom. 
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Figure 5. The wavelet coherencies between landscape metrics and other topographical factors (slope and aspect) in profile A. 
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Figure 6. The wavelet coherencies between landscape metrics and topographical factors in profile B. 
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Table 1. Algorithm of some landscape metrics [28].
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	Landscape Metrics
	Metrics Calculation Formula
	Instructions





	ED
	   E D =  E A   10 4    
	E is the total length of patch edges in landscape. A is the total landscape area.



	SHDI
	   S H D I = −   ∑  k = 1  n    P k  ln  (   P k   )    
	Pk equals the plane area of class k, divided by the landscape area.



	PAFRAC
	   P A F R A C =   2 ∗  [   (  N  ∑  i = 1  m   ∑  j = 1  n  l n  p  i j  2   )  −    (   ∑  i = 1  m   ∑  j = 1  n  l n  p  i j    )   2   ]     [  N  ∑  i = 1  m   ∑  j = 1  n   (  l n  a  i j   ∗ l n  p  i j    )   ]  −  [   (   ∑  i = 1  m   ∑  j = 1  n  l n  p  i j    )   (   ∑  i = 1  m   ∑  j = 1  n  l n  a  i j    )   ]      
	   p  i j     is the perimeter of patch ij, and    a  i j     is the area of patch ij. m is the number of class i and n is the number of patches belong to the class i. N is the total number of patches in landscape.



	Cohesion index
	   C o h e s i o n =  [  1 −    ∑  j = 1  n   p  i j      ∑  j = 1  n   p  i j      a  i j        ]    [  1 −  1   A     ]   − 1   ∗ 100   
	   p  i j     is the perimeter of patch ij, and    a  i j     is the area of patch ij.



	Proximity index
	   P r o x i m i t y =  ∑  k = 1  n     A  i j k      D  i j k     2      
	   A  i j k     is the area of patch ijk within a specified neighborhood.    D  i j k     is the closest distance between patch ijk and patch ijk based on edge-to-edge distance, and k is the number of patches.
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Table 2. The correlation coefficients between landscape metrics and topography factors (* p < 0.01, ** p < 0.05).
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	Landscape Metric
	DEM
	Slope
	Aspect





	Proximity_A
	−0.161 *
	−0.204 *
	0.008



	PAFRAC_A
	−0.612 *
	−0.416 *
	−0.172 *



	Cohesion_A
	0.661 *
	0.427 *
	0.193 *



	ED_A
	−0.672 *
	−0.495 *
	−0.166 *



	SHDI_A
	−0.753 *
	−0.462 *
	−0.195 *



	Proximity_B
	−0.103 **
	−0.030
	−0.002



	PAFRAC_B
	0.230 *
	−0.022
	0.015



	Cohesion_B
	−0.249 *
	0.001
	0.001



	ED_B
	0.273 *
	−0.021
	0.020



	SHDI_B
	0.234 *
	0.113 **
	−0.069
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Table 3. The main scale intervals of selected landscape metrics in profile A.
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	Scale Division
	PAFRAC (km)
	Cohesion (km)
	ED (km)
	SHDI (km)





	Small Scales
	0.25–1.5
	0.25–1
	0.25–2
	0.25–1



	Medium Scales
	1.5–8
	1–8
	2–8
	1–8



	Large Scales
	>8
	>8
	>8
	>8











© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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