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Abstract: The agro-pastoral transitional zone (APTZ) in Northern China is one of the most 

important ecological barriers of the world. The commonly-used method to identify the spatial 

distribution of ATPZ is to apply a threshold rule on climatic or land use indicators. This approach 

is highly subjective, and the quantity standards vary among the studies. In this study, we adopted 

the spatial continuous wavelet transform (SCWT) technique to detect the spatial fluctuation in 

normalized difference vegetation index (NDVI) sequences, and as such identify the APTZ. To carry 

out this analysis, the Moderate Resolution Imaging Spectroradiometer (MODIS) NDVI 1-month 

data (MODND1M) covering the period 2006–2015 were used. Based on the spatial variation in 

NDVI, we identified two sub-regions within the APTZ. The temporal change of APTZ showed that 

although vegetation spatial pattern changed annually, certain areas appeared to be stable, while 

others showed higher sensitivity to environmental variance. Through correlation analysis between 

the dynamics of APTZ and precipitation, we found that the mean center of the APTZ moved toward 

the southeast during dry years and toward the northwest during humid years. By comparing the 

APTZ spatial pattern obtained in the present study with the outcome following the traditional 

approach based on mean annual precipitation data, it can be concluded that our study provides a 

reliable basis to advance the methodological framework to identify accurately transitional zones. 

The identification framework is of high importance to support decision-making in land use 

management in Northern China as well as other similar regions around the world. 

Keywords: ecological boundary; spatial identification; temporal change; agro-pastoral transitional 

zone 

 

1. Introduction 

An ecological boundary is defined as a complex zone between two contrasting habitat patches 

[1]. According to different situations, such a boundary could be either narrow or wide, distinct or 

subtle [2]. The landscape within and nearby an ecological boundary presents a remarkable 
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discontinuity compared with the surrounding areas, which embody both landscape features and 

structures. This discontinuity is caused by large scale changes in environmental factors, which are a 

range of significant exogenous forces with either natural or anthropogenic characteristics [3]. Under 

the current influences of climate change and human disturbance, the ecosystems in an ecological 

boundary are more sensitive than those in the surrounding areas because the adaptation of species 

within these areas may be at their limit and the species may respond gravely when subjected to 

environmental change [4]. Therefore, an ecological boundary is known as an important object in 

ecological research, planning and management. Detecting the location of an ecological boundary and 

characterizing its spatial pattern provide an important basis for the further researches [5]. 

One way to classify ecological boundaries is to measure the changes in environmental variables 

and response variables [3]. Environmental variables are exogenous forces such as climate, human 

activities, landform and soil conditions. Changes in environmental variables cause changes in 

response variables, which are endogenous factors including biological diversity, population of 

specific species, vegetation and landscape [3]. One type of ecological boundary is caused by steep 

gradients of exogenous forces, and can be easily identified by measuring changes in environmental 

variables. However, another type of ecological boundary may be the result of a much more gradual 

change in environmental variables that lead to a subtle or drastic change in response variables [2,3,6]. 

Because of its greater complexity, researchers have paid more attention to find effective ways to 

detect the latter type of ecological boundary. The agro-pastoral transitional zone (APTZ) in Northern 

China is one of the world’s largest ecological boundaries that belongs to this category [7]. The APTZ 

links China’s agricultural region in the southeast with pastoral region in the northwest, and functions 

as a natural ecological shelterbelt and agricultural productivity supplier for Northern China. 

Encompassing both semi-humid and semi-arid areas, the vegetation in this region showed nonlinear 

dynamics and complex spatial patterns [8,9] and is continuously threatened by climate change, 

population growth and economic development [10–12]. These influences make the APTZ a highly 

dynamic area facing multiple environmental issues, such as land overuse, vegetation destruction and 

ecological degradation [13,14]. 

To better preserve the function of the ecosystems and sustainably use the land resources, it is 

important to identify and characterize the APTZ objectively and precisely. Finding an efficient 

detector that can accomplish these goals is often the main research objective in related studies. An 

optimal way to identify ecological boundaries is to measure the highest rate of change in response 

variables [15,16]. Among such variables, the density of specific species is the most representative one. 

For example, Fortin [16] quantified all 35 species from a hardwood forest in New York within an area 

of 60 m × 140 m in order to locate the ecological boundary using a lattice-wombling edge detection 

algorithm. However, species density data requires a large number of field work that is difficult and 

costly to make and update [3,16,17]. As a result, vegetation is commonly used as a valid proxy, 

because it can be easily quantified and conveniently spatialized using remote sensing data [16]. 

Additionally, mathematical techniques have been developed to analyze the features of response 

variables. Spatial clustering, for example, is a useful method in detecting distinct boundaries; 

however, they are not so suitable for detecting gradient boundaries [18,19]. Focusing on the gradient 

boundaries, kernel detectors, such as lattice wombling and the Laplacian kernel, have been applied 

to identify changes in response variables. However, kernel detectors are too sensitive to local noise 

and are easily influenced by the fluctuation of adjacent elements at small scales [3]. In contrast, the 

wavelet transform is a hierarchical method that is relatively less sensitive to local noise, and has been 

proven to be a successful method when analyzing complex and nonstationary patterns [20]. Wavelet 

transforms have been widely used to detect the edge of images [21] and to analyze the pattern of 

temporal signals [22]. Moreover, the wavelet transform is an efficient detector for identifying 

ecological boundaries [23,24]. 

Although previous studies have put much effort into identifying the spatial coverage of the 

APTZ and its change over time, some issues remain open to discussion. Firstly, the frequently used 

indicators to delineate the APTZ are climate factors and land use factors, such as mean annual 

precipitation, inter-annual precipitation variability, humidity index and arid index, and the spatial 
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distribution of cultivated land, grassland and forest [25]. Response variables, especially vegetation 

factors, have been used rarely. The argument over indicator selection and threshold determination 

has not been settled [10,25]; therefore, a conclusive and widely acknowledged definition of the APTZ 

distribution is still not available. Furthermore, many studies concerning APTZ dynamics commonly 

focused on the dynamics in climate, vegetation, land use, ecosystem services and productivity within 

a certain area, with the assumption that the location of the APTZ is stable over the timescale of a few 

decades [9,11,13,26–29]. The temporal changes of APTZ spatial coverage still need further 

investigation. For example, Li et al. [30] applied wavelet transform to analyze the mutation points of 

APTZ using a normalized difference vegetation index (NDVI) and precipitation data in one single 

year, and Zhao [31] made a progress in long term analysis by mapping occurrence frequency of 

mutation points and discussed relations between the temporal change of mutation points and 

climatic factors around selected meteorological stations. However, since APTZ is a wide boundary 

that covers over 500,000 km2 [25], the mutation points of NDVI and climatic factors were not sufficient 

to delineate its coverage. Although there are some studies focusing on the APTZ response to climate 

change and land use change [10,25,32], the dynamic analysis of APTZ based on response variables 

and spatial disparity and sub-regions within the APTZ have not drawn much attention. 

Broadly adapting from Li et al. [30] and Zhao [31], this study aimed to develop an improved 

technique for identifying APTZ in Northern China. The specific objectives were: (i) to map the 

average state and spatial disparity of the APTZ for the period 2006–2015; (ii) to uncover how the 

spatial disparity changed annually during 2006–2015; and (iii) to analyze the movement of the center 

of the APTZ and its correlation with annual precipitation during 2006–2015. NDVI, one of the most 

useful indexes for characterizing vegetation coverage and density [33], was used as the response 

variable to spatially identify the APTZ, together with the methods of spatial continuous wavelet 

transform (SCWT) and kernel density estimation. 

2. Materials and Methods 

2.1. Study Area, Data Sources and Sampling 

The APTZ is located in Northern China. The southeast side of the APTZ, known as the North 

China Plain, has a history of crop farming going back thousands of years and is currently still 

primarily used for agricultural production. The northwest side of the APTZ is the traditional grazing 

region and is covered mainly by grassland, shrubland and desert [13]. Crop and livestock farming 

within the APTZ are distributed discontinuously. Determined by climate, landform and human 

activities, the APTZ extends from the southern part of the Greater Hinggan Range towards the 

southwest and reaches the edge of the Qinghai-Tibet Plateau. The 400 mm isohyet is the approximate 

center line of the APTZ [25]. The study area considered in this research has a surface of 503,100 km2 

and includes the area from the western part of Jilin and Liaoning Provinces, the southern part of Inner 

Mongolia Autonomous Region and the northern part of the Hebei, Shanxi and Shaanxi province 

(Figure 1). This study area follows the trend of the 400 mm isohyet. To establish sample locations for 

the indicator value, the FISHNET Tool in ArcGIS software (V10.2, ESRI, Inc., Redlands, CA, USA) 

was used to construct 130 parallel lines over the study area, spaced 10 km apart. Each line contains 

40 sample points, also at intervals of 10 km. The sampling lines were perpendicular to the trend of 

the 400 mm isohyet, giving them an approximately southeast-northwest orientation. 

NDVI was used as the indicator to detect the spatial characteristic of the APTZ, and annual 

precipitation was used as the climate factor. NDVI data have significant advantages in terms of 

accessibility, updating and accuracy, and therefore, provide a continuous temporal data sequence for 

dynamic analysis. In this study, we focused on the characteristics of the APTZ over the most recent 

decade (2006–2015). In order to carry out this analysis in an effective way, the Moderate Resolution 

Imaging Spectroradiometer (MODIS) NDVI 1-month (MODND1M) data for 2006–2015 were used. 

These data have a spatial resolution of 500 m × 500 m, and were provided by International Scientific 

and Technical Data Mirror Site, Computer Network Information Center of the Chinese Academy of 

Sciences (http://www.gscloud.cn). To better describe the heterogeneity of vegetation growth in semi-
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humid and semi-arid study areas, and to avoid data variations caused by cloud cover and other 

uncertain factors, the maximum value of each cell in the summer season (June to August) was used 

to represent the vegetation condition of each year [34]. Furthermore, for each cell, the mean NDVI 

value within a neighborhood with a radius 5 km was calculated in order to reduce the local noise of 

fragmented patches, such as water bodies and artificial surfaces. 

The annual precipitation data were provided by the China National Meteorological Data Service 

Center (http://data.cma.cn), which were calculated from the monthly surface climate grid data with 

a resolution of 0.5° × 0.5°. Based on the annual precipitation data, the anomalies in the total 

precipitation were determined for each year, and used to classify the studied period into relatively 

dry years and relatively humid years. All data analyses and manipulations were carried out using 

the ArcGIS 10.2 software. 

 

Figure 1. Location of the study area (a) within China and (b) at the local scale (Northern China) with 

annotation of the prefecture-level cities as well as the 400 mm mean annual precipitation isohyet 

considering the period 2006–2015. 

2.2. Spatial Continuous Wavelet Transform 

A wavelet transform can decompose signals over functions with varying window sizes. The 

window size adjusts to the frequency of the input signals [35], thus, it is well suited to signals with a 

wide range of frequencies [7,22]. The continuous wavelet transform (CWT) is efficient in detecting 

the dynamic trends and break points of continuous signals [7]. It can decompose signal vector (f(t)) 

by finite basis wavelet function (φ(t)) with a scale (a) and a shift (b) into wavelet coefficients (Wf), 

described as follows [36–38]: 

Wf(a, t)=f(t)φ(t)=
1

√a
� f(t)φ �

t-b

a
� dt

+∞

-∞

 (1) 

Subsequently, by replacing temporal signals with a geospatial element sequence (S(x)), the CWT is 

reformed into spatial continuous wavelet transform (SCWT), described as follows [7,30,37,38]: 

SCWT(a, b)=
1

√α
� S(x)φ �

x-b

a
� dx

Lx

0

 (2) 

The SCWT can be used in spatial analysis, especially when decomposing the dynamic trends and 

mutation points from geospatial sequences [7,38]. In general, the coefficient modulus of the SCWT 

varies from 0 to 1. When SCWT is applied to boundary analysis, the higher coefficient modulus refers 



Remote Sens. 2018, 10, 1928 5 of 16 

 

to a more rapid change of the input indicator, and the maximum value of the coefficient modulus is 

defined as the mutation point or break point of the spatial sequence. The Daubechies-3 (db3) wavelet 

filter (wavelet function shown in Figure 2a) was chosen as the mother wavelet. This is a compactly 

supported orthonormal wavelet with multiple resolutions, and has been widely used for mutation 

detection and trend analysis [39]. The db3 wavelet filter has been proved efficient in identifying the 

ecological boundary of the semi-arid or sub-humid transition zone in Northern China [30,31]. The 

scale factor is an inherent property of the wavelet filter. A small scale refers to a compressed wavelet 

and contains more information on rapidly changing details, whereas a larger scale refers to a 

stretched wavelet and provides more insights on slowly changing features [37,40]. The suitable scale 

of SCWT in this study was verified by plotting the variance curve of wavelet coefficients (Figure 2b), 

which illustrated the variance of wavelet coefficients of NDVI sequence at different scales. Figure 2b 

showed the inflection point and the maximum value of the variance curve as being detected at scale 

3, which indicated that the most appropriate fitting scale of this input signal was scale 3 [41]. A 

calculation of the variances for different NDVI sequences in the study area showed that their variance 

curves of wavelet coefficients all shared the same pattern as shown in Figure 2b. Therefore, scale 3 

was used to process the SCWT in this study. The SCWT was achieved using MATLAB R2016b 

software (The MathWorks, Inc., Natick, MA, USA). 

For finite input signals, boundary effects occurred at the edge of the signals because the wavelet 

transform computing required values beyond the input signals, and therefore, may have reduced the 

accuracy of the results [42]. One common solution for the boundary effects is to extend the length of 

input signals [43]. The vegetation condition in the southeastern and northwestern side of the study 

area had different spatial patterns, and using the actual NDVI value beyond the study area may 

increase the uncertainty in the SCWT results. Hence, a simulation method was applied to extend the 

input NDVI sequences used to mitigate boundary effects. Each input NDVI sequence was extended 

from 40 elements to 60 elements using antisymmetric-padding (whole-point) extension method in 

MATLAB software. The extended elements were deleted after calculating the wavelet coefficients. 

2.3. Spatial Pattern Analysis 

The SCWT was accomplished using two different sets of input sequences, i.e., (i) the annual 

maximum NDVI and (ii) mean value of annual maximum NDVI covering the period 2006–2015. The 

absolute values of the wavelet coefficients were then calculated and categorized into three groups 

using the natural breaks method. After the wavelet coefficients modulus was found, analyses were 

performed to determine: 

(i) The mutation points of each NDVI spatial sequence. The mutation points, determined as the 

element with the highest wavelet coefficients modulus for each input signal, were located where 

each NDVI sequence changed most rapidly. The mean center of the mutation points of each year 

was calculated by using the Mean Center Tool of ArcGIS Spatial Analyst Toolbox. 

(ii) The spatial autocorrelation of all points with the wavelet coefficients modulus value. Global 

Moran’s Index was used to measure the spatial autocorrelation based on the wavelet coefficients 

modulus value, which allowed us to investigate whether these coefficients were spatially 

clustered [44,45]. This index was calculated by using the Spatial Autocorrelation Tool of ArcGIS 

Spatial Statistics Toolbox. 

(iii) The kernel density of all points with the wavelet coefficients modulus value. Kernel density is 

an efficient and commonly-used method to link the location of a given set of points and their 

spatial attributes as well as to estimate the spatial probability distribution around these points 

[37,46]. The kernel density of all sampling points was calculated by using the Kernel Density 

Tool of the ArcGIS Spatial Analyst Toolbox and weighted by the wavelet coefficients modulus 

in order to delineate the spatial aggregation of the wavelet coefficients [47]. The mean value of 

kernel density was used to classify the study area into two sub-regions. 

(iv) The frequency distribution of the sub-regions during 2006–2015. By overlaying the annual 

distribution of kernel density, the frequency distribution of the sub-regions was calculated and 

mapped using the ArcGIS 10.2 software. 
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Figure 2. Wavelet filter and variance curve. (a) Wavelet function of the Daubechies-3 (db3) wavelet; 

(b) Variance curve of wavelet coefficients at different scales, using db3 filter. 

3. Results and Discussions 

3.1. Spatial Pattern of the APTZ 

The distribution of mutation points of the NDVI sequences was in accordance with the spatial 

distribution of precipitation and landform features. As shown in Figure 3a, the mutation points of 

the mean NDVI value for the period 2006–2015 were mainly distributed along the southern part of 

the Greater Hinggan Range (Hinggan, Tongliao and Chifeng of Inner Mongolia), Bashang Plateau 

(Chifeng and Xilingol of Inner Mongolia, Chengde and Zhangjiakou of the Hebei Province) and 

Daqing Mountain (Ulanqab, Hohhot and Baotou of Inner Mongolia). Most of the mutation points 

were located in north of the 400 mm isohyet. The latter was consistent with the spatial distribution 

pattern of precipitation and landform features, and hence, revealed the general condition and extent 

of the APTZ in 2006–2015. 

The fluctuation of mean NDVI showed significant spatial autocorrelation. As shown in Figure 

3b, the wavelet coefficients modulus had a tendency of spatial aggregation. The result of Global 

Moran’s Index was 0.28 with a Z-score of 28.77, indicating the existence of a significant spatial 

autocorrelation in-between the wavelet coefficients modulus. That is to say, the fluctuation of mean 

NDVI appeared to have the characteristic of spatial aggregation. Hence, areas with drastic spatial 

change in vegetation coverage tend to be located in adjacent places, whereas areas with mild changes 

in vegetation coverage tend to be distributed continuously within adjacent areas. 
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Figure 3. Spatial pattern of the wavelet coefficients modulus, using mean normalized difference 

vegetation index (NDVI) for the period 2006–2015. (a) Mutation points of each NDVI sequence; (b) 

classification of the wavelet coefficients module; (c) classification of the kernel density of the wavelet 

coefficients module. 
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According to the spatial fluctuation in the NDVI, the APTZ could be divided into two different 

types of zones based on the mean value of kernel density, i.e., (i) the intense transitional zone and (ii) 

the moderate transitional zone, as shown in Figure 3c. Areas with higher kernel density values than 

the mean value, were defined as the intense transitional zone of the APTZ; all the other areas were 

classified as the moderate transitional zone. Within the intense transitional zone, NDVI showed 

drastic fluctuation in a southeast-northwest direction, exhibiting a significant characteristic of spatial 

variation. Two intense transitional zones were identified in the study area, of which one (136,833 km2) 

was located in the northeast, mainly within the Xiliao River basin (Chifeng and Tongliao of Inner 

Mongolia). The other intense transitional zone (101,552 km2) was located in the southwest, within the 

region of the Tumochuan Plateau (Hohhot, Baotou and Ordos of Inner Monglia), the south of the 

Daqing Mountains and the Sanggan River basin (Yizhou, Shuozhou and Datong of Shanxi Province). 

The moderate transitional zone of the APTZ comprised an area of approximately 264,715 km2. Within 

the moderate transitional zone, NDVI showed gradual changes with few mutations and only mild 

fluctuation. As shown in Figure 3c, the moderate transitional zone was distributed continuously 

throughout the middle of the study area, including southern Xilingol in Inner Mongolia, northern 

Zhangjiakou and Chengde in Hebei Province, and in other places surrounding the intense 

transitional zone. According to the definition of an ecological boundary, the intense transitional zone, 

which showed a clear pattern of spatial variation in vegetation condition, was considered to be the 

crucial sub-region of the APTZ with greater importance for boundary study. Hence, the intense 

transitional zone was examined more closely, as described in subsequent sections. 

3.2. Temporal Change of the Intense Transitional Zone 

As shown in Figure 4, the core areas of the intense transitional zone remained stable during 

2006–2015, while the fringe areas changed annually. Figure 5 showed the frequency distribution of 

the intense transitional zone during 2006–2015. In Figure 5, different grayscale intensities indicated 

different frequencies by which an area was identified as being part of the intense transitional zone 

over the 10-year studied period. More precisely, the darkest areas were identified as part of the 

intense transitional zone each year during 2006–2015, whereas the lightest areas were never identified 

as part of the intense transitional zone. As shown in Figure 5, the intense transitional zone had three 

highly stable core areas. These were located in the Xiliao River basin (area A), the Tumochuan Plateau 

(area B) and the Sanggan River basin (area C). In these areas, the vegetation condition showed 

significant spatial fluctuation, which underlined their crucial importance within the APTZ. In 

contrast, the area located in the northern part of Chengde and Zhangjiakou, also known as the 

Bashang Plateau (area D in Figure 5), was the largest area that remained in the moderate transitional 

zone during the study period. In this area, the vegetation condition declined gradually from the 

southeast to northwest. In all the other areas, the distribution of the intense transitional zone changed 

each year, and places nearby the core areas generally showed a higher frequency of being classified 

as parts of the intense transitional zone as compared to places far away from the core areas. This 

variation suggested that these regions had different sensitivity toward exterior factors affecting the 

spatial pattern of vegetation coverage, such as climatic variability and land use change. 
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Figure 4. Temporal change of the agro-pastoral transitional zone (APTZ) and the spatial distribution 

of mutation points (2006–2015). 
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Figure 5. Frequency of identified intense transitional zone during 2006–2015. (Areas A, B and C were 

always identified as part of the intense transitional zone, while area D was never identified as part of 

the intense transitional zone). 

Located along the northern edge of the East Asia Monsoon Region, the APTZ experiences 

remarkable inter-annual climatic variability (especially in precipitation), which has a great impact on 

vegetation growth and agricultural activities [26,48], and hence, on its turn influences the location 

and spatial characteristics of the APTZ [10,49]. By combining the annual precipitation and the mean 

center of the mutation points each year, the mean center of the APTZ was discovered to move toward 

the northwest in humid years and toward the southeast in dry years, along the vertical direction of 

the 400 mm isohyet of mean annual precipitation. Based on the annual precipitation data described 

in Section 2.1, the years 2006, 2007, 2009 and 2011 were identified as relative dry years that had 

negative anomalies on the average total precipitation, whereas the years 2008, 2010, 2012, 2013, 2014 

and 2015 were identified as relatively humid years characterized by positive precipitation anomalies. 

The movement of the mean center each year and the associated precipitation condition are shown in 

Figure 6. It was clear that the location of the mean center was very close to the 400 mm mean annual 

precipitation isohyet corresponding to the year 2006–2015. This provides some clear evidence that 

the 400 mm isohyet can be considered as the central line of the APTZ [10,25,32]. Moreover, Figure 6 

showed that in the year of 2009, which had the lowest total precipitation amount, the mean center 

was located in the most southeastern position, and in 2012, which was characterized by the highest 

total precipitation amount, the mean center was located in the most northwestern position, around 

20 km away from the year of 2009. This movement reflects the typical vegetation response to 

precipitation variation. In years with less rainfall than average, the isohyet of annual precipitation 

generally moved toward the southeast, while in humid years the isohyet moved in the opposite 

direction (i.e., to the northwest). The result shows that the location of APTZ follows the variation of 

precipitation pattern, shifting along southeast-northwest direction. 
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Figure 6. Temporal variation of the mean center of mutation points, compared with the 400 mm mean 

annual precipitation isohyet during 2006–2015. 

3.3. Contrast with Traditional Identification of Agro-Pastoral Transitional Regions 

To further examine the differences between the SCWT method used in this study and the 

traditional method (using the threshold of a climatic index), we chose mean annual precipitation 

during the period 2006–2015 as a contrast. Mean annual precipitation is the most commonly used 

climatic index in the APTZ studies, however, the threshold to delineate the boundary varies among 

studies [25]. For example, Wang et al. (1999) [50] suggested the APTZ should be defined as a region 

with mean annual precipitation of 250–500 mm, while Zhao et al. (2002) [51] defined this threshold 

as 300–450 mm. As shown in Figure 7, it was clear that the distribution of the intense transitional 

zone identified using SCWT followed the spatial pattern of mean annual precipitation amount, and 

was approximately similar to the range delineated by the 300–450 mm isohyet [51]. This was in 

particular the case in the southwestern part of the study area. In the northeastern part, the APTZ 

boundary, delineated by the above described precipitation threshold, was significantly larger than 

the intense transitional zone delineated by the SCWT. The major differences of the two results are 

shown in Figure 7 as regions A and B. Both of the two areas were within the APTZ identified using 

the precipitation threshold method, however, they were not within the intense transitional zone 

identified using the SCWT. Region A included the northern part of Chengde and Zhangjiakou as well 

as the southern part of Xilingol. As discussed in Section 3.2, this area showed a gradual spatial change 

in vegetation coverage, and was a traditional pasturing area with a typical grassland dominated 

landscape. Region B included the southeastern part of Ordos and the northern part of Yulin in the 

northeastern portion of the Ordos Plateau, and was also covered mainly by grassland. In this study, 

both of these areas were identified as part of the moderate transitional zone. 

Furthermore, this comparison showed that the SCWT method provided a more precise 

characterization of the spatial changes in the ecological boundary than the traditional climatic 

threshold index method. The APTZ is a broad concept with multiple dimensions. From the view of 

an ecological boundary, it is important to emphasize the characteristics of discontinuity, 

fragmentation and variation in landscape, land use and the spatial distribution of vegetation. The 
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traditional definition has not given much attention to the interior spatial characteristics of the APTZ 

when delineating its general extent. The APTZ has been regarded as an integrated unit in traditional 

studies and the spatial heterogeneity within this unit has not drawn much attentions. In contrast, the 

SCWT method focuses on spatial features and can identify the areas in which vegetation exhibits 

most of the spatial variation. The SCWT method also avoids the subjectivity that arises in index 

selection and threshold definition. These advantages make the SCWT a better approach than 

traditional methods, and should preferentially be used to identify the APTZ in future studies. Since 

the APTZ is facing a stressful relationship between human well-being and environmental protection, 

uncovering the interior heterogeneity may provide a solid basis for future policy making in 

environmental management. 

 

Figure 7. Comparison between the agro-pastoral transitional zone (APTZ) delineated using the 

threshold precipitation method and using the spatial continuous wavelet transform (SCWT) method 

with normalized difference vegetation index (NDVI). (Region A and B are representing the main 

differences between the two methods.). 

3.4. Advantages, Limitations and Future Research Directions 

As compared to the climate index and land use index, the NDVI showed significant advantages 

in characterizing the APTZ. The definition of APTZ based on climate indicators, such as annual 

precipitation and arid index, in fact refers to the potential distribution of the climatic transitional zone 

[10]. However, the actual condition of the transitional zone is not only influenced by climatic factors, 

but also by landform, soil resources, water resources, and human activity. On the other hand, the 

definition based on land use or other anthropogenic indices gives a higher importance to the impact 

that human beings and social-economic systems have on land resources. These indicators are easily 

influenced by market forces and land use policy, and therefore, may not be effective boundary 

detectors in the field of landscape ecology. Furthermore, climatic data are obtained from weather 

station measurements, which may have a negative impact on data availability and quality. Although 

this type of data is typically characterized by high accuracy and temporal frequency, it is spatially 
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discontinuous, and hence, significant errors may arise in the process of interpolating the data to cover 

large areas. Land use data, on the contrary, are an example of spatial data that have relatively lower 

accuracy and lower update frequency [52]. A shortage of both land use and climatic data generally 

exists in boundary studies. In contrast, NDVI data acquired by remote sensing are well suited for 

spatial analysis, and have advantages in terms of data accessibility and updating, as well as 

availability in multiple scales within continuous data sequences. In fact, it is a complex reflection of 

physical environmental conditions and human activities measured at a very high spatial-temporal 

frequency. Therefore, NDVI is an effective indicator in ecological boundary studies, and has been 

used in this study as the most useful vegetation indicator. 

However, the SCWT method also has limitations. The accuracy of this method is highly 

dependent on spatial sampling. For complex geographical units, the sampling method must be 

adjusted to fit the spatial characteristics of the element being analyzed. For instance, in this study, the 

APTZ is an elongated area with a certain trend from northeast to southwest, so the indicator 

sequences can be sampled along lines that are perpendicular to the trend of the APTZ. For objects 

that expand outward from a central area, the indicator sequences can be sampled using radial 

transects with a common starting point [38]. If the sampling sequences were not set properly to fit 

the spatial structure of the study area, the SCWT method would not be effective. Moreover, the 

advantage of SCWT is its ability to detect mutation points and the rate of change along the studied 

spatial sequences. Thus, the selected indicator should reflect the most striking variations within the 

considered study area; otherwise, the analysis may lead to a large error in the identification result. 

For example, according to previous studies, the APTZ also covers areas of the Greater Hinggan 

Range, Loess Plateau and Hexi Corridor, which are mountain regions with complex landforms. 

Because vegetation in mountainous regions is largely influenced by landform, the complexity of 

landform may cause uncertainty in SCWT analysis. Therefore, to avoid the impact of complex 

landforms, this study focused on the central region of the APTZ characterized by a lower 

topographical complexity. 

Future research should pay attention to the response of the APTZ to climate change. The APTZ 

is the most important ecological boundary in Northern China, and its structure and function are 

particularly sensitive to environmental variables. The response of the intense transitional zone to long 

term climate change effects, such as altered annual temperature and precipitation, should be 

examined by considering longer time series than those used in this study. Furthermore, vegetation 

dynamics under different climate change scenarios will lead to dynamic changes in boundary 

features and thus influence land use management. Consequently, identifying the potential future 

characteristics of the APTZ would be helpful in providing a scientific basis to policies that could 

influence this important area. 

4. Conclusions 

Given the current climate change, more attention has been given to ecological boundaries due 

to their sensitivity to external disturbances. The current techniques for identifying the APTZ are 

largely dependent on the subjective judgment of experts; thus, the accuracy of APTZ identification 

varies among studies. Additionally, the identification of ecological boundaries faces challenges in 

updating and incorporating dynamic research. The results showed that the SCWT method combined 

with NDVI data and kernel density estimation is much more reliable for identifying the spatial 

pattern within the APTZ, compared to the traditional methods based on climatic or land use 

thresholds. The approach also allowed the identification of sub-regions within the APTZ based on 

the spatial variation of vegetation condition. During 2006–2015, although the spatial pattern of 

vegetation variation changed annually and was highly influenced by exterior factors, some areas 

appeared to be stable, and others were more sensitive to environmental changes. This heterogeneity 

within the APTZ should be taken into consideration in future land use management. 
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