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Abstract

:

North America’s midcontinent forest–prairie ecotone is currently exhibiting extensive eastern redcedar (ERC) (Juniperus virginiana L.) encroachment. Rapid expansion of ERC has major impacts on the species composition and forest structure within this region and suppresses previously dominant oak (Quercus) species. In Kansas, the growing-stock volume of ERC increased by 15,000% during 1965–2010. The overarching goal of this study was to evaluate the spatio-temporal dynamics of ERC in the forest–prairie ecotone of Kansas and understand its effects on deciduous forests. This was achieved through two specific objectives: (i) characterize an effective image classification approach to map ERC expansion, and (ii) assess ERC expansion between 1986 and 2017 in three study areas within the forest–prairie ecotone of Kansas, and especially expansion into deciduous forests. The analysis was based on satellite imagery acquired by Landsat TM and OLI sensors during 1986–2017. The use of multi-seasonal layer-stacks with a Support Vector Machine (SVM)-supervised classification was found to be the most effective approach to classify ERC distribution with high accuracy. The overall accuracies for the change maps generated for the three study areas ranged between 0.95 (95 CI: ±0.02) and 0.96 (±0.03). The total ERC cover increased in excess of 6000 acres in each study area during the 30-year period. The estimated percent increase of ERC cover was 139%, 539%, and 283% for the Tuttle Creek reservoir, Perry reservoir, and Bourbon County north study areas, respectively. This astounding rate of expansion had significant impacts on the deciduous forests where the conversion of deciduous woodlands to ERC, as a percentage of the total encroachment, were 48%, 56%, and 71%, for the Tuttle Creek reservoir, Perry reservoir, and Bourbon County north study areas, respectively. These results strongly affirm that control measures should be implemented immediately to restore the threatened deciduous woodlands of the region.
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1. Introduction


Vegetation communities in ecotones are vulnerable to alterations in species composition due to the combined effects of climate change and land management practices since they are close to the limits of their natural ranges [1]. Within the schema of ecoregion classification for the United States [2], the transitional region between the heavily forested eastern US and the prairie grasslands of the Midwest is identified as the forest–prairie transitional region [3]. This midcontinent forest–prairie transitional region/ecotone of North America is currently experiencing extensive eastern redcedar (Juniperus virginiana) encroachment into the prairie ecosystem [4,5]. Eastern redcedar (ERC) continues to expand in area and density, particularly in Missouri, Nebraska, Kansas, and Oklahoma. Simultaneously, it drives major alterations in species composition and forest structure in this region, suppressing the dominant oak (Quercus) species [1,6].



In Kansas, the Forest Inventory and Analysis (FIA) data suggest that the growing-stock volume of ERC increased by 15,000% between 1965 and 2010 [7]. Kansas only has 2.4 million acres of forest land remaining, which constitutes just 5% of the state’s total land base. Because forests make up such a small area of the state, they play an important role in providing habitats for wildlife and delivering many other ecological, economic, and aesthetic benefits to the state. Oak/hickory is the predominant forest-type group in Kansas, accounting for 55% of the total forest lands [7]. Continued fire suppression in forestlands and the adverse effects of climate change, such as prolonged drought, would continue the current trend of shifting Quercus-dominated forests to Juniperus-dominated forests in this region and adversely affect associated ecosystem services [1]. Further, conversion of oak forests to ERC will intensify ERC expansion into the neighboring grasslands [6].



Identifying locations where ERC expansion is occurring at rapid rates is essential for land managers to plan and manage control efforts [6], such as using prescribed fire treatments and mechanical thinning [8]. Although ERC encroachment into the prairie ecosystem of the central US has been documented extensively [4,9,10], the threat of ERC in driving a structural and species compositional change in deciduous forests is less commonly studied. Available literature on ERC expansion in the forest–prairie ecotone of Kansas has been focused on grasslands, and no multi-temporal study has been conducted on the effects of ERC expansion on the remaining woodlands of Kansas. Conducting a spatial analysis to “identify locations where proactive management will be most effective” has been identified as one of the research priorities for the control of ERC expansion in this region [11]. Therefore, a remote sensing-based approach was utilized to conduct a multi-temporal change detection study to investigate ERC expansion, with two specific objectives: (i) Characterizing an effective classification approach to map ERC expansion, by assessing different classification algorithms and Landsat image preparation schemes; and (ii) assess ERC expansion between 1986 and 2017 in three study areas within the forest–prairie ecotone of Kansas, as well as its effects on the deciduous forests. The three study areas used in this analysis were selected based on the current ERC distribution. With the abundant ERC distribution found in these locations, it enabled the analysis to go back in time and characterize expansion rates within the last 30 years using archival Landsat satellite imagery.




2. Materials and Methods


Analysis of remote sensing imagery provides a powerful analytical tool for investigating vegetation dynamics and landcover change detection [12,13,14,15]. However, accurate image classification can be challenging. Due to the large size of data files, high dimensionality, and complexity, computationally efficient data mining algorithms and techniques are required to accurately convert these data into meaningful thematic information [16,17]. There are various pattern recognition or data mining techniques available for remote sensing image classification. Therefore, the user needs to select the most effective data mining technique for accurate image classification.



Being an evergreen tree species, ERC remains relatively constant in spectral characteristics throughout the year. Therefore, imagery acquired in the dormant season can be used to extract the ERC cover type from deciduous forests with high accuracy [18]. By utilizing a time series of cloud-free, dormant-season Landsat images spanning 2–3 decades, “gradual ecosystem changes” [19] could be characterized. However, appropriate image processing techniques should be used prior to analysis.



2.1. Study Areas and Datasets Used


To identify areas with a high ERC distribution within the forest–prairie ecotone of Kansas, three cloud-free Landsat OLI images, namely scene path 28/row 33 (21 January 2017), path 27/row 33 (3 March 2017), and path 27/row 34 (3 March 2017), were downloaded from the United States Geological Survey EarthExplorer website (http://earthexplorer.usgs.gov). These three Landsat scenes cover most of the forest–prairie ecotone of Kansas (Figure 1).



The images were selected from the dormant season for an accurate identification of the ERC cover type, as it is the most abundant evergreen tree species in the region. Images were displayed in a false-color scheme: near infra-red (NIR), red, and green. The mosaiced image was visually examined to identify areas with a wide ERC distribution. After careful inspection based on local knowledge of vegetation cover classes (information gathered through discussions with a group of subject matter experts with expertise in forest and range management, research, and extension), three study areas were selected: (i) Study Area 1 (SA1)—surrounding Tuttle Creek reservoir; (ii) Study Area 2 (SA2)—surrounding Perry reservoir; and (iii) Study Area 3 (SA3)—Bourbon county north (Figure 1).



Twelve cloud-free, Landsat Level-2 surface reflectance products were obtained through the USGS EarthExplorer website (Table 1).



Images obtained for the time period of 1986–1988 were acquired by the Landsat-5 Thematic Mapper (TM) sensor, while the recent imagery for 2015–2017 were acquired by the Landsat-8 Operational Land Imager (OLI) sensor. There are major differences between the sensors and image products. However, the 30-m spatial resolution remains the same for the spectral bands used in this study. The Level-2 surface reflectance products were atmospherically corrected, which were generated from Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) for Landsat TM images, and Landsat Surface Reflectance Code (LaSRC) for Landsat OLI images. This processing ensures higher consistency and comparability between images taken at different time periods compared to Level-1 digital number imagery [20,21]. Thus, it eliminates the requirement for additional pre-processing.




2.2. Assessment of Classification Algorithms


The dominant land cover classes in all these three selected areas were water, wetland areas, grasslands, crop fields, deciduous woodlands, and ERC forests. None of the areas contained major cities, and all other urban features, including roads and residential areas, were hardly discernible in the 30-m medium-resolution imagery. Hence, the urban land cover class was ignored in the analysis.



The study area surrounding the Tuttle Creek reservoir (SA1) was used to assess different classification approaches. Initially, four classification algorithms, namely the k-means clustering, Iterative Self-Organizing Data Analysis Technique (ISODATA), maximum likelihood (MLC), and support vector machines (SVM), were evaluated based on their classification accuracies of two single-date Landsat layer stacks for SA1. Each classification approach was expected to classify the two images with six land cover classes: water, grasslands, ERC, crop fields, wetlands, and deciduous woodlands. Image classification was performed using ENVI 5.3 software.



2.2.1. K-Means Clustering Algorithm


K-means clustering is an unsupervised classification technique. The end goal of the k-means algorithm is to find the optimal division of n entities in k groups. First, the algorithm must determine the initial number of clusters present in the data, and then locate the cluster means within the feature space. Within the process, each pixel is associated with the nearest cluster center using the Euclidean distance [22,23]. Based on the allocated pixels, the cluster means are re-calculated. This migration of cluster means is done iteratively until an optimal solution is reached where cluster means no longer change or the change from one iteration to another is less than a pre-defined threshold [22]. This iterative process reaches a cluster solution with high intra-class similarity and low inter-class similarity, and each data point can only be in one cluster.



After investigating for different combinations, the maximum number of classes and iterations were set to 10 and 20 respectively, which produced a reasonable classification result for the major cover classes. The classified images were manually inspected against the original Landsat image and an image with a higher resolution.



Google Earth TM (http://earth.google.com) images and National Agriculture Image Program (NAIP) imagery were downloaded though the USDA geospatial data gateway (https://datagateway.nrcs.usda.gov), and were used to inspect the 1986 and 2017 images along with the original Landsat images. Each of the ten classes were assigned to one of the six land cover classes mentioned earlier, to generate the final classified images (Figure 2c,d).




2.2.2. ISODATA


ISODATA is another unsupervised clustering algorithm used for land-use and landcover change detection [24,25], which is similar in most ways to the k-means clustering algorithm. In both k-means clustering and ISODATA, the objective is to minimize the mean squared distance from each data point to its nearest centroid (cluster center). However, the significant advantage of ISODATA over the k-means method is its ability to alter the number of clusters by deleting small clusters, merging nearby clusters, or splitting large diffuse clusters without user intervention [26]. The same sequence of steps as in the k-means clustering technique was employed using the ISODATA unsupervised classification tool of ENVI. The maximum number of classes was set to 10 with a minimum of 5. The change threshold was set at 5% and the minimum pixels per class to 1000. The initial clustering output generated 10 clusters, and these cluster were combined appropriately to generate the final classified images (Figure 2e,f).




2.2.3. Maximum Likelihood Classification (MLC)


In contrast to the unsupervised classification, supervised classification requires the user to select “training areas” for each pre-defined information class, which are used for statistical assessment of class reflectance, which is then extrapolated to the whole image [22,27]. Classification accuracy of this approach is highly dependent on how well the user defines these training areas. The training dataset is used to estimate the parameters of the classifier, and how well these parameter estimations are done will influence the overall accuracy of the final image classification [28]. Since selection of accurate training sites is crucial, the analyst should be extremely knowledgeable about the area. Though selection of training sites is a tedious task, supervised classification is still preferred over unsupervised methods since it gives more accurate class definitions and high classification accuracy [22].



MLC is one of the most commonly used parametric classifiers in change detection studies [29]. In MLC, the probability of each pixel belonging to one of each pre-defined set of classes is calculated using the mean and variance of each training class. This will create contours of probabilities around means of training data classes, and the unknown pixel will be placed in the most probable class based on the contours [22]. Since this classification is based on the mean and variance of the training sample, the training data sample should be large enough to represent the variance of that class throughout the image. The pre-defined training areas were selected to train the algorithm and to conduct the classification (Figure 2g,h).




2.2.4. Support Vector Machines (SVMs)


Support Vector Machines (SVMs) is a supervised non-parametric learning technique [30,31]. It represents a group of theoretically superior machine learning algorithms which locates the optimal boundaries between classes in a feature space [32,33]. In its simplest form, SVMs are linear binary classifiers which classify observations into one of the two possible labels by defining the optimal boundary between the two classes. At three dimensions this boundary becomes a plane, and with an increasing number of variable dimensions, the separator becomes a hyperplane. The SVM classification tool in ENVI was used to perform the classification. To approach an effective hyperplane, we chose the radial basis function (RBF, a Gaussian kernel) as the kernel type, considering that RBF allows for a nonlinear transformation of the training dataset. This classification requires the setting of several parameters: (i) the gamma value, which controls how far the influence of a single training point reaches (with lower values meaning farther influences and thus smoother hyperplanes); (ii) the penalty parameter, which defines the trade-off between the classification accuracy and the maximization of the decision margin between support vectors (with lower values meaning larger margins at the cost of classification accuracy); and (iii) the probability threshold that specifies the probability required for the SVM to classify a pixel. Through experimentation, we decided to adopt the default parameter values provided by ENVI, which are a gamma value of 0.143 (i.e., the inverse of the image band number 7), a penalty parameter of 100, and a probability threshold of 0 (forcing all pixels to be classified). These parameters achieved overall classification accuracies and kappa coefficient values closer to or above 0.90, and therefore were considered to be reasonable. The same training samples used for the MLC were used in the classification and to generate the final six-class classified images (Figure 2i,j).





2.3. Assessment of Image Preparation Schemes


In image classification and vegetation change detection studies, different image preparation schemes are employed to increase the accuracy of the final classification product [18,34]. Hence, once a suitable classification algorithm was selected, three Landsat image preparation schemes, namely single-date layer stacks, multi-seasonal layer stacks, and composite layer stacks (multi-temporal/multi-year layer stacks), were assessed to characterize the best classification approach for mapping and detecting ERC.



2.3.1. Multi-Seasonal Layer Stacking with SVMs


Multi-seasonal image stacks were generated for 1986 and 2017, by layer stacking the dormant-season image with a growing season image for the two study periods, respectively. Multi-seasonal layer stacks were previously found to be more effective in classifying ERC cover in this region [18]. An SVM classification was performed for the two multi-seasonal image stacks, using the previously created training areas (Figure 3a,b).



As an evergreen tree species, the spectral reflectance of ERC remains relatively constant throughout the year compared to other vegetation in the landscape. Presence of other photosynthetically active vegetation in the surrounding area, such as winter wheat during the dormant season, as well as grasslands, deciduous forests, and crop fields during the growing season, might create confusion with the ERC cover type when a single-date image classification is employed [18]. Therefore, the idea of using a multi-seasonal image stack is to allow the classification algorithm to utilize the relatively constant spectral reflectance of ERC to distinguish it from other vegetation demonstrating a fluctuating reflectance signal.



Post-classification inspection suggested that certain misclassifications can be avoided through improving the training area selection procedure. In this region, it is common to see burnt grasslands and fallowed crop fields that are not in production during the season of interest. Therefore, two additional classes, burnt areas and fallowed crop fields, were trained. However, once the classification was completed, fallowed crop fields and burnt areas were clumped into the agriculture and grassland classes, respectively, to generate the final classification images (Figure 3c,d).




2.3.2. Composite/Multi-Temporal Image Analysis with SVMs


Combining all the images from different time points into a multi-temporal dataset to classify change classes, is known as a type of composite image analysis. This method was successfully used with Landsat satellite images and an SVM classification, to monitor the invasion of an exotic tree species from 1986 to 2006 in Argentina [34]. The advantage of this method is that it requires only one classification image for the entire study period to depict the spatial pattern of change.



The composite image for SA1 was constructed by layer stacking dormant-season Landsat images for four time periods: 1986, 1996, 2006, and 2017. Training areas were selected for seven classes: ERC cover in 1986, changed to ERC during 1986 to 1996, changed to ERC during 1996 to 2006, changed to ERC during 2006 to 2017, deciduous forests in 2017, other vegetation, and water. Gradual expansion of the ERC cover across the landscape is clearly visible with the final classified image (Figure 3e). However, the selection of training areas for change classes is a very time-consuming task, especially when support data such as imagery with higher resolution is not available.





2.4. Accuracy Assessment


The accuracy assessment for the classification was conducted using a common reference dataset, as it would allow comparisons to be made across different classification approaches. The reference dataset was created with 75 points per class (450 in total). A classified image shapefile was converted to a raster along with the reference dataset. The two raster datasets of the reference and classified maps were combined using the spatial analyst tool. The resulting table was used to construct the confusion matrix and compute the user’s accuracy, producer’s accuracy, overall accuracy, and kappa coefficient (Table 2).




2.5. Assessing ERC Expansion between 1986 and 2017


The use of multi-seasonal layer stacks with an SVM classification was concluded to be the most effective approach to classify the 1986 and 2017 images for the three study areas. Each image was classified using the method outlined in Section 2.3.1. Once the 1986 and 2017 images were classified, they were converted to a raster file format for further processing. A class score was assigned to each landcover class of the two classified images. Using the new class score attribute as the value field, the 1986 image was subtracted from 2017 image. The resulting map consisted of 16 change classes. Hence, the map was reclassified to construct the final change map for each study area with six change classes: (i) deciduous to ERC, (ii) non-forest to ERC, (iii) ERC lost, (iv) ERC stable, (v) deciduous stable, and vi) all other. The non-forest to ERC category mainly includes conversion of crop fields and grasslands into ERC-dominated areas.



Accuracy Assessment and Area Estimation


The protocol used for accuracy assessment and area estimation followed the recommended good practices for map accuracy assessment and area estimation in land-change studies [35]. This statistically robust methodology is based on three pillars: (i) a stratified random sampling design for the selection of a subset of pixels from each class of the classified image; (ii) an accurate reference dataset, which could label each unit in the sample with high accuracy; and (iii) analysis of data using confusion matrices, and quantification of errors in classification with estimates of overall accuracy, the user’s accuracy (commission error), and the producer’s accuracy (omission error). The strength of this methodology is that it incorporates the estimated errors in classification in estimating the area of change [35]. The final estimations are reported along with computed uncertainties in terms of confidence intervals.



The total areas of different landcover classes in all three study areas were highly variable. Therefore, a stratified random sampling procedure was followed for the selection of samples from each class. Landsat satellite imagery along with high-resolution NAIP and GoogleEarthTM imagery were used to gather reference information. The complete procedure from sample size determination to final area estimations followed the good practices guidelines [35].






3. Results and Discussion


3.1. Selecting the Most Effective Classification Scheme


The initial comparisons between classification techniques were conducted using single-date Landsat layer-stacks for the study area surrounding the Tuttle Creek reservoir. The two unsupervised techniques, k-means clustering (Figure 2c,d) and ISODATA (Figure 2e,f), demonstrated major discrepancies in its classification solutions, compared to the supervised techniques of MLC (Figure 2g,h) and SVM (Figure 2i,j). Clearly, the unsupervised solutions failed to classify the wetland landcover class, as it was misclassified as other vegetation.



In contrast, the supervised classification permitted selection of a training sample from wetland areas, which ultimately reduced the misclassification error. The overall accuracy of classification for the two unsupervised techniques were less than 0.50, whereas the supervised classification solutions achieved higher accuracies, between 0.84 and 0.91. This improved classification accuracy of the supervised methods over the unsupervised methods are clearly reflected in Figure 4. Hence, supervised classification was preferred over unsupervised classification.



The solutions derived through the MLC and SVM classifications were comparable to each other (Figure 4). Misclassifications were recorded for deciduous forests with wetlands and agricultural lands, which were common to both MLC and SVM classifications, and more pronounced with the 1986 image. This caused the user’s accuracy for deciduous forests in the 1986 classified image to be drastically reduced, and with the MLC solution, it was around 61%. There was little difference between MLC and SVM classification solutions at this point. However, they have major differences with respect to their functionality. MLC requires normality in the dataset, whereas SVM is a non-parametric statistical learning technique. Within this study, it is not guaranteed that the dataset will follow a normal distribution. Additionally, SVM has the capability of attaining a higher classification accuracy even with a limited training sample [30]. Thus, due to its functional superiority, SVM was chosen as the classification technique best suited for this study.



The selected SVM classification method was employed to classify the two multi-seasonal images for 1986 and 2017, respectively (Figure 3a,b). The corresponding error matrices revealed a slight improvement over single-date image classification (Figure 4). The same multi-seasonal images were classified again after following an improved training area selection process. Result of this improved classification approach (Figure 3c,d) yielded the best accuracy estimates achieved thus far (Figure 4).



Overall accuracies and Kappa coefficients for both 1986 and 2017 image classifications were between 0.93 and 0.96 (Table 2). This approach minimized misclassification errors. User’s accuracy for deciduous forests were 88% and 94% for the 1986 and 2017 images, respectively (Table 2). This is a vast improvement compared to previous solutions. Higher accuracy observed with multi-seasonal imagery in this study is in parallel to the previous findings for this area [18,36].



Finally, a composite image classification was conducted using the SVM technique. The final change map derived through the composite analysis depicted the spatial pattern of ERC expansion over the years (Figure 3e). However, the selection of training areas for change classes is a tedious process. There was much confusion even within a single change class, as one-pixel area represents three decades of change. However, the advantage of this method is the same richness of information in the composite stack of image layers [34]. Identifying pixel trajectories before 2003 was highly complicated due to the unavailability of images with higher resolution, such as NAIP imagery. This was experienced at both the training and accuracy assessment stages. Due to the time-consuming nature of this approach and the complexity of the composite image analysis procedure, the previously characterized multi-seasonal image classification with SVM was concluded as the most effective classification scheme for this study.



Pixel-based image classification of land cover with mixed vegetation is challenging [37]. A crucial task in this study was to distinguish ERC cover from deciduous woodlands and other vegetation. If the study was conducted based only on dormant-season Landsat imagery, a possible complication would be classification of a pixel as ERC, even when it exists underneath a deciduous canopy that is not detected with leaf-off, dormant-season imagery. However, in this study, we used multi-seasonal layer stacks instead of single-date imagery. Multi-seasonal imagery proved to be more effective in classifying land cover in this region with high accuracy. The strength of multi-seasonal imagery is that it incorporates information from the leaf-on, growing season image and from the leaf-off, dormant-season image at the individual pixel level. Therefore, when a pixel is classified into a certain change class, the decision is made based on its spectral reflectance both in the dormant season as well as the growing season. The accuracy assessment was done on the final change map, instead of individually classified maps for a single time point as it does not quantify the accuracy for change classes [38].




3.2. ERC Dynamics within the Three Study Regions


3.2.1. Tuttle Creek Reservoir—SA1


Visual comparison of the two classified images for 1986 and 2017 (Figure 5c,d) clearly illustrates ERC expansion within the study area. The final change map (Figure 5e) further dissects landcover change and ERC expansion based on its trajectory of change. Areas that were originally classified as deciduous forests in 1986 and were classified as converted to ERC in 2017 are depicted in dark blue color. All other land cover classes that went through a similar conversion to become ERC dominated by 2017 are represented in light blue.



The change map demarcates the areas with lost ERC cover during the study period, as well as stable ERC and deciduous forest stands. All other change and stable classes were clumped together since it is beyond the interests of this study. A relatively smaller portion of the study area is covered by the two classes representing ERC expansion (deciduous to ERC and non-forest to ERC). Grasslands and crop fields dominate this landscape, a situation common throughout the forest–prairie ecotone and is represented by the change class of “other” in this map. Due to this high variability in total area per each change class, the error matrix for the change map is recommended to be reported in terms of area proportions (Table 3) [35]. The estimated area proportions for each change class was used to estimate the area, user’s accuracy, producer’s accuracy, and overall accuracy along with estimations on uncertainty (Table 3).



The overall accuracy of the change map was estimated to be 0.96 (95% CI: ±0.02). Accuracy estimates for all the classes were above 80%, except for the non-forest to ERC producer’s accuracy. This suggested that a fair amount of ERC expansion into non-forest classes were not documented in the classified image. This is reflected by the non-forest to ERC change class having a 95% confidence interval of around 2000 acres for change area estimation. However, a higher level of precision in classification is observed for other classes. In total, ERC cover has expanded into surrounding areas by about 8200 acres. If lost ERC area is taken into the account, it was estimated that the ERC cover in SA1 has increased by around 6600 acres within the last 30 years (Table 3). The rate of increase is estimated to be a staggering 220 acres per year. Nearly a half of its expansion occurred into the deciduous forests; therefore, it is quite evident that similar to grassland ecosystems [4,9], the deciduous woodlands in this area are affected by the ERC’s rapid expansion.




3.2.2. Perry Reservoir—SA2


Similar to SA1, ERC expansion within this study region was clearly visible with the two classified images (Figure 6c,d). ERC cover was not prominent in the 1986 classified map but exhibited widespread distribution by 2017. This is evident by having a negligible proportion of area for the ERC stable class in the final change map (Table 4). An estimated 99% of the ERC cover mapped in 2017 seemed to have developed after 1986. Representations in the final change map (Figure 6e) were similar to the map constructed for SA1.



The estimated overall accuracy of the change map was 0.96 (95% CI: ±0.02). The producer’s accuracy for change classes of non-forest to ERC and ERC lost was around 70% (Table 4). The margin of error was equal or in excess of 50% for these two classes. However, other classes were classified with a higher precision. In this study, our main focus is on the change class of deciduous forests to ERC, which was classified with higher accuracy. The study area has experienced an ERC expansion of 7600 acres within the period of 1986 to 2017, of which a majority (56%) of the expansion occurred into the deciduous forests. The annual rate of ERC expansion within this region was estimated at 216 acres per year, after accounting for lost ERC cover during the same time. Yet again, the astounding rate of ERC expansion within this region is evident with significant impacts on the deciduous forests.




3.2.3. Bourbon County North—SA3


Similar to the other two study regions, ERC expansion is evident with the two classified images for 1986 and 2017 (Figure 7c,d). ERC-dominated areas can be observed in 1986 at the northeast section of the study region (Figure 7c). After 30 years, ERC showed a widespread distribution throughout the study area (Figure 7d). The final change map (Figure 7e) illustrates the spatial trajectories of this ERC expansion, where areas represented in dark blue has undergone a conversion from deciduous forests to ERC by 2017. The pink-colored areas represent ERC expansion into other cover types, including grasslands and abandoned agricultural lands.



The overall accuracy of the change map was estimated at 0.95 (±0.03) (Table 5). Compared to the previous two change maps, a higher producer’s accuracy is observed for all the change classes associated with ERC cover (stable, lost, and gained). The margin of error, which is an estimate of the uncertainty as a proportion of the estimated total area, was below 20% for all the classes. The estimated total gain of ERC cover within the 30-year period was about 6500 acres, out of which 71% symbolizes deciduous forest conversions. Once lost ERC cover is taken into the account, the annual rate of expansion of ERC within this region is estimated at 202 acres per year. These observations are comparable with the results obtained for the other two study areas.





3.3. Impact on Deciduous Woodlands


The final change maps for the three study areas (Figure 5e, Figure 6e, and Figure 7e) spatially illustrates the status changes that occurred with the ERC cover class (stable, lost, and gain). It is evident that ERC has expanded at an alarming rate within all three areas investigated in this study. The rate of expansion exceeded 200 acres per year in all three areas, and the percent increase in ERC cover ranged from around 140% to 540% (Table 6). This astounding rate of expansion of ERC cover was also evident to be having a major impact on the deciduous forests of the region. This is clearly illustrated by Figure 8, which depicts total estimated ERC encroachment for the three study areas, broken down by its impact on deciduous forests and non-forest classes. Conversion of deciduous woodlands to ERC, as a percentage of the total encroachment, were 48%, 56%, and 71%, for SA1, SA2, and SA3, respectively. Eastern redcedar encroachment into the deciduous woodlands as a percentage of existing deciduous woodlands for the three sites were 25%, 13%, and 18%, respectively. This observed ERC encroachment into deciduous woodlands within the forest–prairie ecotone of Kansas, is in parallel to what was reported for other forest types in this region, such as the Cross Timbers of north-central Oklahoma [39] and the glade-like forest types in mid-Missouri [40].



All three study regions are located around recreational areas, such as reservoirs, lakes, and state parks, and includes a large number of rural homeowners. The underlying cause for the observed high ERC expansion could be related to how these lands are managed. ERC is commonly controlled in grasslands using repeated prescribed burns. However, with the presence of dispersed homes in the area, the resulting liability concerns may inhibit the use of periodic burns to control ERC. Thus, it provides conducive environments for ERC to expand into surrounding grasslands, deciduous forests, and abandoned agricultural lands. With continued fire exclusion, ERC gradually expands in area and density. In Kansas, a trend of ERC expansion, in disturbance-free environments, was outlined through FIA inventory data [7]. Further, once ERC starts invading deciduous forests, they have the ability to reduce the fitness of the dominant oak species and facilitate ERC growth, through positive soil–microbe feedbacks and altered litter chemistry [41]. This provides a plausible explanation for the observed ERC expansion into deciduous forests as documented in this study.



In addition to altering species composition and affecting associated ecosystem services, ERC encroachment increases the risk of wildfires [39,42]. Due to its structure, the highly flammable ERC trees can act as ladder fuels, increasing the risk of initiating a crown fire and converting it to a wildfire [18,39]. High flammability of ERC trees was visible during a controlled burn in Kansas [8], where some crowns of standing ERC trees (Figure 9a) and thinned trees lying on the ground (Figure 9b) caught on fire, with flame heights reaching 20 feet or more.



Despite the negative impacts on certain ecosystems, ERC is an essential evergreen element in windbreaks in Kansas [43,44]. Its dense, compact foliage and rapid growth rates make ERC an excellent species to be used in windbreaks to protect crops, shelter livestock, and reduce wind erosion, and also has been found to be providing crop-yield benefits in the Kansas–Nebraska region [45]. Therefore, it is vital to acknowledge its importance in the landscape, while monitoring and managing ERC to prevent its encroachment into surrounding areas [43]. However, accurate information on ERC distribution should be available for land management decisions to be made, especially when rapid expansion is evident. The Kansas Forest Service mapped the statewide rural tree canopy using 2015 NAIP imagery, and this geospatial layer can be used as a baseline for observing tree cover change over time [46].



Prescribed fire is the most effective and economical method of ERC control [43]. Successful control of ERC seedlings with prescribed fires, for oak woodland restoration, has been documented in eastern Kansas [8]. However, it is difficult to kill ERC trees that are taller than 2 m with low-intensity surface fires [47]. Supplementing the burn with thinning ERC trees and saplings would increase the fire intensity and fire effects [48,49,50].





4. Conclusions


This study focused on three study areas that demonstrated high ERC cover in 2017, enabling us to go back in time and characterize the development of the current ERC cover during the past 30-year period. The study reveals that ERC expansion can have a negative impact on the deciduous forests of this region. All three study areas witnessed an ERC expansion in excess of 6000 acres between 1986 and 2017, which accounted for a 139%, 539%, and 283% increase in ERC cover for SA1, SA2, and SA3, respectively. ERC encroachment into deciduous woodlands, as a percentage of the total ERC expansion, was 48%, 56%, and 71% for SA1, SA2, and SA3, respectively. To the best of our knowledge, this is the first multi-year study that investigated ERC expansion effects on deciduous forests using a remote sensing-based methodology in eastern Kansas. Results of this study strongly supports the FIA inventory-based predictions on possible future alterations in species composition in this region [6]. This would negatively impact the oak-dominated woodlands in the region, which are already undergoing a rapid species compositional change due to prolonged fire suppression [1,51]. High ERC expansion would also have adverse effects on the surrounding environment due to the increased wildfire risk.



The lesson learned in this study strongly affirm that the remaining deciduous woodlands of this region should be managed with appropriate silvicultural techniques, such as prescribed burning and mechanical thinning to reduce future ERC dominance. Optimal incorporation of ERC control measures with long-term oak restoration goals is recommended for oak-dominated woodlands of this region where rapid ERC encroachment is documented.
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Figure 1. Selection of the three study areas: (a) SA1—Tuttle Creek reservoir, (b) SA2—Perry reservoir, and (c) SA3—Bourbon County North. Three Landsat OLI images, namely scene path 28/row 33, path 27/row 33, and path 27/row 34 covers the majority of the forest–prairie ecotone of Kansas, outlined in black in the Kansas county map. 
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Figure 2. False color composite of the study area surrounding the Tuttle Creek reservoir (SA1) in (a) 1986 and (b) 2017. K-means clustering classification products: (c) 1986 and (d) 2017. ISODATA clustering classification products: (e) 1986 and (f) 2017. Maximum Likelihood classification products: (g) 1986 and (h) 2017. Support Vector Machines (SVM) classification products: (i) 1986 and (j) 2017. 
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Figure 3. Image preparation method comparisons. Multi-seasonal SVM classification (a) 1986 and (b) 2017. Multi-seasonal (improved) classification (c) 1986 and (d) 2017. (e) Composite (multi-temporal) image classification with SVM. 
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Figure 4. Comparison of classification accuracies for different classification and image preparation methods. 
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Figure 5. SA1: Tuttle Creek reservoir. (a) 1986 Landsat TM image, (b) 2017 Landsat OLI image, (c) 1986 classified image, (d) 2017 classified image, and (e) final change map for Study Area 1 (1986 to 2017). 
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Figure 6. SA2: Perry reservoir. (a) 1986 Landsat TM image, (b) 2017 Landsat OLI image, (c) 1986 classified image, (d) 2017 classified image, and (e) final change map for study area 2 (1986 to 2017). 
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Figure 7. SA3: Bourbon County North. (a) 1986 Landsat TM image, (b) 2017 Landsat OLI image, (c) 1986 classified image, (d) 2017 classified image, and (e) final change map for Study Area 3 (1986 to 2017). 
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Figure 8. Total eastern redcedar (ERC) encroachment between 1986 to 2017 in the three study areas, broken down by conversion of deciduous forests and non-forest classes to ERC. 
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Figure 9. Highly flammable (a) Live ERC tree crowns and (b) thinned trees lying on the ground caught on fire during a controlled burn in Kansas. 
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Table 1. Landsat scenes used in the study.
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Season

	
Landsat Image Scenes




	
Study Area 1 (SA1)

Tuttle Creek Reservoir

(Path 28/row 33)

	
Study Area 2 (SA2)

Perry Reservoir

(Path 27/row 33)

	
Study Area 3 (SA3)

Bourbon County North

(Path 27/row 34)






	
1986–1988

	
Dormant season

	
21 March 1986

	
14 March 1986

	
09 January 1986




	
Growing season

	
13 Sept. 1986

	
26 August 1988

	
07 June 1988




	
2015–2017

	
Dormant season

	
21 January 2017

	
03 March 2017

	
03 March 2017




	
Growing season

	
09 June 2015

	
06 Sept. 2015

	
22 July 2016











[image: Table] 





Table 2. Error matrix for multi-seasonal SVM (improved) classification.
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Multi-Seasonal SVM (Improved)—1986




	

	

	
Reference Data

	
User’s Accuracy




	

	

	
Crop

	
Grass.

	
Dec. Woodland

	
ERC

	
Water

	
Wetlands

	
Total




	
Classification Data

	
Crop fields

	
75

	
9

	
6

	
0

	
1

	
0

	
91

	
82.4




	
Grassland

	
0

	
66

	
0

	
0

	
0

	
0

	
66

	
100.0




	
Dec. woodlands

	
0

	
0

	
68

	
1

	
0

	
8

	
77

	
88.3




	
ERC

	
0

	
0

	
1

	
74

	
0

	
0

	
75

	
98.7




	
Water

	
0

	
0

	
0

	
0

	
74

	
3

	
77

	
96.1




	
Wetlands

	
0

	
0

	
0

	
0

	
0

	
64

	
64

	
100.0




	

	
Total

	
75

	
75

	
75

	
75

	
75

	
75

	
450

	
83.3




	
Producer’s accuracy

	
100

	
88

	
90.7

	
98.7

	
98.7

	
85.3

	

	




	
Overall accuracy

	
0.94

	
Misclassification rate

	
0.94

	
Kappa Coefficient

	
0.93

	




	

	
Multi-Seasonal SVM (Improved)—2017




	

	

	
Reference Data

	
User’s Accuracy




	

	

	
Crop

	
Grass.

	
Dec. woodland

	
ERC

	
Water

	
Wetlands

	
Total




	
Classification Data

	
Crop fields

	
70

	
0

	
2

	
0

	
0

	
1

	
73

	
95.9




	
Grassland

	
2

	
74

	
0

	
0

	
0

	
1

	
77

	
96.1




	
Dec. woodlands

	
0

	
1

	
72

	
4

	
0

	
0

	
77

	
93.5




	
ERC

	
0

	
0

	
1

	
71

	
0

	
0

	
72

	
98.6




	
Water

	
0

	
0

	
0

	
0

	
75

	
4

	
79

	
94.9




	
Wetlands

	
3

	
0

	
0

	
0

	
0

	
69

	
72

	
95.8




	

	
Total

	
75

	
75

	
75

	
75

	
75

	
75

	
450

	




	
Producer’s accuracy

	
93.3

	
98.7

	
96

	
94.7

	
100

	
92

	

	




	
Overall accuracy

	
0.96

	
Misclassification rate

	
0.04

	
Kappa Coefficient

	
0.95
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Table 3. Area estimation with 95% confidence intervals—Tuttle Creek Reservoir.
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Estimated Area Proportion

	
Area (acres)

	
±95% CI (acres)

	
Margin of Error

	
User’s Accuracy

(±95% CI)

	
Producer’s Accuracy






	
Deciduous to ERC

	
0.0246

	
3959

	
487

	
12%

	
0.96 (±0.04)

	
0.86




	
Non-forest to ERC

	
0.0264

	
4257

	
2020

	
47%

	
0.92 (±0.06)

	
0.73




	
ERC lost

	
0.0099

	
1587

	
193

	
12%

	
0.80 (±0.09)

	
0.97




	
ERC stable

	
0.0198

	
3187

	
313

	
10%

	
0.91 (±0.07)

	
0.87




	
Deciduous stable

	
0.1000

	
16,104

	
2925

	
18%

	
0.93 (±0.05)

	
0.86




	
Other

	
0.8184

	
131,799

	
3507

	
3%

	
0.98 (±0.03)

	
0.99




	
Overall accuracy

	
0.96 (±0.02)











[image: Table] 





Table 4. Area estimation with 95% confidence intervals—Perry reservoirs.
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Estimated Area Proportion

	
Area (acres)

	
±95% CI (acres)

	
Margin of Error

	
User’s Accuracy

(±95% CI)

	
Producer’s Accuracy






	
Deciduous to ERC

	
0.0293

	
4281

	
955

	
22%

	
0.91 (+ 0.07)

	
0.84




	
Non-forest to ERC

	
0.0227

	
3322

	
1669

	
50%

	
0.95 (+ 0.05)

	
0.70




	
ERC lost

	
0.0077

	
1133

	
656

	
58%

	
0.87 (+ 0.08)

	
0.71




	
ERC stable

	
0.0005

	
67

	
25

	
37%

	
0.88 (+ 0.07)

	
0.82




	
Deciduous stable

	
0.2226

	
32,549

	
2939

	
9%

	
0.92 (+ 0.05)

	
0.94




	
Other

	
0.7172

	
104,863

	
3184

	
3%

	
0.98 (+ 0.03)

	
0.98




	
Overall accuracy

	
0.96 (±0.02)
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Table 5. Area estimation with 95% confidence intervals—Bourbon County North.
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Estimated Area Proportion

	
Area (acres)

	
±95% CI (acres)

	
Margin of Error

	
User’s Accuracy

(±95% CI)

	
Producer’s Accuracy






	
Deciduous to ERC

	
0.0307

	
4700

	
733

	
16%

	
0.81 (±0.09)

	
0.88




	
Non-forest to ERC

	
0.0123

	
1887

	
173

	
9%

	
0.87 (±0.08)

	
0.99




	
ERC lost

	
0.0034

	
516

	
71

	
14%

	
0.81 (±0.09)

	
0.95




	
ERC stable

	
0.0106

	
1628

	
129

	
8%

	
0.89 (±0.07)

	
0.99




	
Deciduous stable

	
0.1709

	
26,134

	
4616

	
18%

	
0.95 (±0.04)

	
0.75




	
Other

	
0.7720

	
118,062

	
4572

	
4%

	
0.95 (±0.04)

	
0.99




	
Overall accuracy

	
0.95 (±0.03)
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Table 6. Thirty-year ERC change within the three study areas.
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Study Area

	
ERC cover 1986

	
ERC cover 2017

	
ERC Increase




	
Area

	
Percent

	
Into Deciduous Forests






	

	
----------------- acres (ac) ----------------

	
-------------- (%) --------------




	
Tuttle Creek

	
4774

	
11,403

	
6629

	
139%

	
48%




	
Perry reservoir

	
1200

	
7670

	
6470

	
539%

	
56%




	
Bourbon N.

	
2144

	
8215

	
6071

	
283%

	
71%
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