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Abstract

:

Monitoring vegetation characteristics and ground cover is crucial to determine appropriate management techniques in western juniper (Juniperus occidentalis Hook.) ecosystems. Remote-sensing techniques have been used to study vegetation cover; yet, few studies have applied these techniques using unmanned aerial vehicles (UAV), specifically in areas of juniper woodlands. We used ground-based data in conjunction with low-altitude UAV imagery to assess vegetation and ground cover characteristics in a paired watershed study located in central Oregon, USA. The study was comprised of a treated watershed (most juniper removed) and an untreated watershed. Research objectives were to: (1) evaluate the density and canopy cover of western juniper in a treated (juniper removed) and an untreated watershed; and, (2) assess the effectiveness of using low altitude UAV-based imagery to measure juniper-sapling population density and canopy cover. Ground- based measurements were used to assess vegetation features in each watershed and as a means to verify analysis from aerial imagery. Visual imagery (red, green, and blue wavelengths) and multispectral imagery (red, green, blue, near-infrared, and red-edge wavelengths) were captured using a quadcopter-style UAV. Canopy cover in the untreated watershed was estimated using two different methods: vegetation indices and support vector machine classification. Supervised classification was used to assess juniper sapling density and vegetation cover in the treated watershed. Results showed that vegetation indices that incorporated near-infrared reflectance values estimated canopy cover within 0.7% to 4.1% of ground-based calculations. Canopy cover estimates at the untreated watershed using supervised classification were within 0.9% to 2.3% of ground-based results. Supervised classification applied to fall imagery using multispectral bands provided the best estimates of juniper sapling density compared to imagery taken in the summer or to using visual imagery. Study results suggest that low-altitude multispectral imagery obtained using small UAV can be effectively used to assess western juniper density and canopy cover.
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1. Introduction


The range and density of woody plant species such as western juniper (Juniperus occidentalis Hook.) have substantially increased in the western United States over the last 150 years. Estimates of juniper (Juniperus spp.) expansion across the Great Basin range from 125% to 625% [1] and western juniper alone can be found across 3.6 million ha in the intermountain west [2]. The expansion of western juniper in particular has arisen in two primary forms: through the encroachment of juniper into areas previously dominated by sagebrush (Artemisia tridentata Nutt.), and through increases in the density of juniper in areas where it was relatively sparse [3]. Historically, juniper was largely found in areas with lower fire risk [4]. Intensive grazing, reduced fire occurrence, and favorable wetter climate conditions have all been cited as reasons for the vast juniper expansion observed in the late 19th and early 20th century [3,5].



Juniper expansion is a concern in many rangeland areas as it may lead to reduced water availability for other types of vegetation. Increased juniper canopy cover has been associated with increased bare ground and decreased shrub, forb, and grass cover [6] and reductions in vegetation production and diversity [7]. Several studies [6,8,9,10,11] have addressed the impacts of juniper expansion on ecological and hydrological processes. These impacts include increased erosion and runoff [12,13,14] and decreased soil moisture [8] typically associated with shifts in vegetation cover [2,12,15], particularly with increased bare ground in intercanopy locations [16].



The use of ground-based techniques to assess vegetation characteristics is limited to the resources available and normally includes an aggregate of data collected at point specific locations. Remote sensing offers the ability to assess ecological features over larger temporal and spatial scales. Remote sensing has been used successfully to identify juniper expansion [17], assess shrub cover characteristics in encroached sagebrush steppe ecosystems [18], calculate canopy cover in juniper woodlands [19,20] and characterize ground cover following treatment [21]. Remote-sensing techniques using multispectral imagery (particularly near-infrared reflectance) has improved the ability to assess changes in vegetation cover [22,23].



The use of unmanned aerial vehicle (UAV)-based data collection in remote-sensing applications can be useful in western juniper research including species classification [24], soil erosion monitoring [25], and measurements of tree canopy [26,27]. Imagery captured using remote sensing can improve our ability to study juniper removal and recovery by reducing time requirements for data collection and providing greater flexibility in observation times compared to ground-based measurements alone.



Vegetation indices derived from aerial and satellite imagery can be particularly useful for vegetation identification and classification as they provide information about vegetation characteristics by analyzing specific band reflectance properties. The relationship between different spectral bands can be used to distinguish between areas of vegetation and bare soil or rock. Vegetation indices developed from remote sensing data have been used to determine gross primary production in pinyon-juniper woodlands [28].



There is a range of vegetation indices used to assess vegetation characteristics. Reflectance characteristics from multispectral imagery, particularly the near-infrared and red-edge spectral regions, have been successfully used to assess vegetation growth [29] and to identify different vegetation species [24,30]. A commonly used vegetation index, the normalized difference vegetation index (NDVI) [31], is calculated from the reflectance characteristics of the near-infrared and red bands, and indicates photosynthetic activity. NDVI has also been found to be closely related to ground-based canopy cover calculations [32]. The optimized soil adjusted vegetation index (OSAVI) has a similar formula to that of NDVI but is used to minimize the influence of soil reflectance [33], a concern in many arid and semiarid regions with high amounts of bare soil. Another example of an index potentially useful in studying western juniper is the total ratio vegetation index (TRVI) [34], which was developed to address different vegetation characteristics in arid and semiarid ecosystems (e.g., juniper woodlands).



Other techniques used in image analysis such as classification have been utilized extensively for the detection and assessment of vegetation [35,36,37]. Pixel-based image analysis has been used for weed detection [38] and vegetation identification in mixed plant communities [39]. The use of classification tools for image analysis has also been shown to decrease time requirements compared to manual analysis of imagery [40], particularly over large areas. In ecosystems where juniper expansion is occurring, visual inspection of imagery alone is time-consuming and inefficient due to the typically large areas involved. By incorporating classification into analysis of UAV-based imagery, it may be possible to more efficiently monitor juniper re-establishment after removal.



This study sought to build upon UAV-based techniques and ground- based data collection to study the spatial distribution of juniper in a treated watershed where mature western juniper was eliminated in 2005 and in an untreated watershed. Study objectives were to: (1) evaluate the density and canopy cover of western juniper in a treated (juniper removed) and an untreated watershed; and, (2) assess the effectiveness of using low altitude UAV-based imagery to measure juniper-sapling population density and canopy cover.




2. Materials and Methods


2.1. Study Site


The study was conducted at the Camp Creek Paired Watershed Study (CCPWS) site in central Oregon. The CCPWS was established in 1993 to study long-term ecohydrological relationships in western juniper-dominated landscapes [41]. The study site includes two watersheds (WS): an untreated WS (96 hectares) and a treated WS (116 hectares) (Figure 1). During 2005 to 2006, nearly 90% of western juniper trees were removed from the treated WS. Trees were cut using chainsaws, the boles were removed, and tree limbs were scattered [42].



Climate in central Oregon is semiarid and precipitation falls largely during the fall and winter months. Average annual precipitation (2009–2017) at the study site is 358 mm [41]. Elevation at the study site ranges from 1350 to 1500 m. The orientation of the treated WS is primarily north by northwest while the untreated WS is largely oriented toward the north [43]. The average slope is 25% in the untreated WS and 24% in the treated WS [43].



Overstory vegetation at the treated WS is dominated by big sagebrush, while western juniper is the dominant species at the untreated WS. Understory vegetation in both watersheds is dominated by perennial grasses, primarily bluebunch wheatgrass [Pseudoroegneria spicata (Pursh.) Á. Löve], Idaho fescue (Festuca idahoensis Elmer), Indian ricegrass [Achnatherum hymenoides (Roem. and Schult.) Barkworth], Sandberg bluegrass (Poa secunda J. Presl), and Thurber’s needlegrass [Achnatherum thurberianum (Piper) Barkworth] and some annual grasses, such as cheatgrass (Bromus tectorum L.) [43,44]. As reported by Ray et al. [44], juniper canopy cover at the untreated WS is 31% and at the treated WS is less than 1%, this based on surveys in 2015. According to the juniper occupancy classification described by Miller et al. [2], the untreated WS is considered at the highest level, Phase III, in which juniper is at nearly 30% occupancy and it is the dominant overstory species.




2.2. Vegetation Measurements


We calculated juniper-sapling population density, canopy cover, and age characteristics at the watershed scale in the treated WS, and adult and sapling-stage tree density and canopy cover at the plot scale in both watersheds.



At the watershed scale, we installed 41 belt transects (30 m by 3 m) to measure juniper-sapling count, height, and crown width in the treated WS. The belt transects were located across the landscape to represent varying aspect and slope characteristics. A subsample of 18 saplings representing common tree characteristics (i.e., height and width) observed in the treated WS were removed to determine tree age using techniques described by Phipps [45].



At the plot scale, we installed two 2000 m2 monitoring plots in each watershed. One plot was installed in a valley location near the watershed outlet and one in an upstream location (Figure 1). In the untreated WS, tree canopy cover was estimated using a spherical concave densiometer (model A) (Forestry Suppliers, Jackson, MS, USA) across five 40 m parallel transects in each plot. Tree canopy cover was measured every 5 m, facing each cardinal direction, in each 40 m transect. The two plots in the untreated WS were also used to assess juniper canopy cover estimates using UAV-based imagery. All juniper (sapling and adult stages) were counted on the ground to determine tree population density in the monitoring plots at both watersheds. No adult-stage trees were present in either of the two plots in the treated WS; therefore, we only measured sapling count in each 2000 m2 plot.



An 11,600 m2 plot in the treated WS (Figure 1) was employed to assess juniper sapling estimates obtained using the various UAV-based methods described below. A subset of juniper saplings in the larger plot were selected to assess the accuracy of juniper identification.




2.3. Unmanned Aerial Vehicle (UAV)-Based Imagery Collection and Analysis


We collected UAV-based imagery from multiple low elevation (40 to 50 m) flights conducted on 21 June 2018, 15 and 16 July 2018, and 12 October 2018. In order to minimize shadows, flights occurred around noon and early afternoon. Aside from temperature, weather conditions at the time of each flight were similar with scattered clouds present and light, variable winds. Data collected in October 2018 and in the summer of 2018 were used to compare multispectral imagery results across seasons in the treated WS. Three quadcopter UAV (Table 1) were used to collect data. Multispectral imagery (red, green, blue, near-infrared, and red-edge) was captured using a RedEdge camera (MicaSense, Inc., Seattle, WA, USA). The RedEdge camera was attached either to a Matrice 100 (DJI, Shenzhen, China) or to a Solo (3D Robotics, Inc., Berkeley, CA, USA) UAV for multispectral imagery collection. RGB (red, green, and blue wavelengths) imagery was collected using a DJI Phantom 3 Professional camera (DJI, Shenzhen, China). The Phantom 3 was not used for image collection at the treated WS, the red, green, and blue bands were extracted from the multispectral raster and used for analysis of visual imagery instead.



These quadcopter UAV were selected for use as they provide a flexible platform that can be adapted for multiple types of data collection. Additionally, given the remote location and lack of suitable launching and landing areas, a fixed wing aircraft would be difficult to use. The quadcopters used in this study offer the advantage of being relatively easy to operate, making them an ideal candidate to be used by land managers who may not have flight experience or access to more expensive UAV.



Flight plans were created and conducted using the Pix4Dcapture (Pix4D SA, Lausanne, Switzerland) mobile application, or flown manually. Relatively low flight altitudes (40 to 50 m above ground level) were employed in order to assess the ability of the UAV-imagery to detect juniper saplings. These flight altitudes were chosen as they provide relatively high spatial resolution, while requiring less flight time than much lower flight altitudes. While time requirements for UAV-based data collection were not intensive (flights averaged less than 12 min), the intent of this study was to assess a method that could be applied to larger study areas in the future. Additionally, the height of mature juniper in the untreated WS required a minimum of 40 m flight altitude to ensure sufficient clearance from the top of the trees. An overlapping grid pattern was flown to ensure minimum 80% forward overlap and 60% side overlap. Sufficient overlap was confirmed using the PhotoScan professional (Agisoft LLC, St Petersburg, Russia) program after individual images were added and aligned. All images were captured at nadir.



Orthomosaics created using RGB imagery had slightly higher spatial resolution than those created using the multispectral imagery. Spatial resolution of the visual band orthomosaic at the untreated valley site was 2.09 cm pixel−1 and 2.02 cm pixel−1 at the untreated upstream site. Spatial resolution of the multispectral imagery at the untreated WS valley site was 3.15 cm pixel−1 and 2.74 cm pixel−1 at the untreated WS upstream site. For the multispectral imagery captured in July 2018 at the treated WS study plot, the orthomosaic was 3.00 cm pixel−1. The orthomosaic created from imagery captured in October of 2018 had a spatial resolution of 2.40 cm pixel−1.



Image processing, including the creation of orthomosaics, was conducted using PhotoScan professional (Agisoft LLC, St Petersburg, Russia). Photo alignment was performed using the highest accuracy setting, with a key point limit of 120,000 and a tie point limit of 30,000. Adaptive camera fitting was performed during this step. To create the dense cloud, the ultra-high quality setting with aggressive depth filtering was used. A mesh was created using the 2.5D height field for surface data with a high face count, using the sparse cloud. The mosaic blending mode was used to build the texture. The dense cloud was used to build the tiled model and digital elevation model (DEM). Orthomosaics were subsequently produced in PhotoScan using the created DEM. Areas with poor image quality and without sufficient overlap (on the edges of the orthomosaic) were excluded from analysis. Image analysis was conducted using ArcGIS (version 10.6, Redlands, CA, USA). No radiometric correction was performed; therefore, brightness numbers were used for image analysis. Georeferencing and alignment of images was performed in ArcGIS using landscape features (e.g., gully intersection points) and selected ground control reference markers with known latitude and longitude positions that could be easily identified in imagery.




2.4. Comparative Analysis, Ground Data versus UAV Imagery


RGB imagery (red, green, and blue wavelengths) and multispectral imagery (red, green, blue, near-infrared, and red-edge wavelengths) were used to assess canopy cover and vegetation cover characteristics. Four vegetation indices were selected to assess canopy cover characteristics of the untreated study plots (Table 2). As RGB cameras are often more accessible and affordable compared to cameras that capture multispectral imagery, we assessed the effectiveness of using RGB imagery for measuring canopy cover (both mature juniper and juniper saplings), vegetation cover, and juniper identification.



In order to measure canopy cover, the triangular greenness index (TGI) [46], which indicates chlorophyll content, was applied to the visual imagery at the untreated WS. Additionally, three vegetation indices (NDVI, OSAVI, and TRVI) that utilize multispectral imagery were used in estimating canopy cover at the untreated WS. Vegetation indices were calculated using the Raster Calculator function in ArcGIS, which created a raster of one band with these values.



Support vector machine (SVM) supervised classification was also used to assess canopy cover in the untreated WS. RGB imagery (red, green, and blue wavelengths) and multispectral imagery (red, green, blue, near-infrared, and red-edge wavelengths) were used for classification. Using the Training Sample Manager within ArcGIS, polygons were drawn around representative samples of juniper, bare soil, and woody debris. Training sites were selected from different areas of the image to represent the range of reflectance characteristics of each class. An initial image was created using the Interactive Supervised Classification function in order to determine how well the land cover was represented and to determine if more training samples were needed. Once each class was differentiated, the training samples were saved and used for classification. The Train Support Vector Machine Classifier tool in ArcGIS was used to create an Esri Classifier Definition (.ecd) file for each orthomosaic. Using the .ecd file, each the Classify Raster tool was used to perform classification on each raster. In order to minimize noise within the image, and remove small isolated clusters of pixels, the Majority Filter was then applied. The general supervised classification procedure used in this research is shown in Figure 2.



A pixel-based analysis was conducted to assess juniper density and canopy cover, and total vegetation cover. By determining the number of pixels that correspond to vegetation compared to all other types of ground cover, the percentage of vegetation and canopy cover can be estimated within a given area. For the indices selected in this research, higher values (above 0) corresponded to greater photosynthetic activity or chlorophyll depending on the index applied. For instance, values for NDVI can range from −1 to 1, with areas of bare soil corresponding to values of approximately 0.025 or less, grasslands and shrub vegetation corresponding to values of around 0.09, and areas of dense vegetation corresponding to values of 0.4 or greater [47]. These values can vary depending on study site characteristics, vegetation type, season, sensor type and calibration, and weather conditions [48]. Based on visual inspection of the imagery (specifically examining values associated with bare ground, juniper canopy, woody debris, and shadows), threshold values were established for each index to separate vegetation from all other ground cover. The number of pixels with values greater than the threshold were divided by the total number of pixels in order calculate the percent of canopy cover or area covered by vegetation, similar to methods described by Wu [32].



Juniper identification, juniper sapling canopy cover, and vegetation ground cover in the treated WS were assessed for two dates, July 2018 and October 2018. Support vector machine supervised classification was applied to RGB imagery, multispectral imagery (red, green, blue, NIR, and red- edge bands) and imagery with multispectral bands and NDVI values at the treated WS. The same supervised classification process described above was used in the treated WS; however, training samples in the treated WS were divided into four main categories: juniper, other vegetation, woody debris, and bare ground.



The number of pixels classified as juniper, other vegetation, bare ground, or woody debris was tabulated. Similar to calculations made for canopy cover in the untreated plots, the number of pixels represented by each class was divided by the total number of pixels to determine a percent cover of each class in the treated WS. This was then compared to estimates of juniper sapling density and vegetated ground cover calculated using the belt transect method and to the results found using line-point intercept surveys conducted in 2018 at this study site [49].



To assess the accuracy of the supervised classification in the treated WS, 249 random points were selected in each orthomosaic using the ArcGIS random point tool (one random point corresponded to a board used as a ground control point and was subsequently excluded from this analysis). Additionally, 67 pixels corresponding to juniper saplings were identified within the image and used to assess the accuracy of juniper detection specifically. For accuracy analysis, four main classes were utilized: juniper, other vegetation, woody debris, and bare ground. No assessment was made of the accuracy of detecting specific vegetation species other than western juniper. A confusion matrix was created for each orthomosaic in the treated WS. From the confusion matrix, the user’s accuracy (indication of Type I error), producer’s accuracy (indication of Type II error), Cohen’s kappa coefficient, and overall method accuracy were calculated.





3. Results


3.1. Ground-Based Vegetation Data Results


Tree Density, Height, and Canopy Cover


A greater number of juniper trees were observed in the untreated WS than in the treated WS. Based on ground counts in the two monitoring plots, average juniper tree density (of all age classes) was 797 trees ha−1 for the untreated WS. In the treated WS, juniper density was calculated to be 313 juniper saplings ha−1 based on the 41 belt transects distributed across the watershed. Mean sapling density was 473 trees ha−1 based on ground counts from the two 2000 m2 monitoring plots at the valley and upstream locations.



The mean height of all juniper saplings surveyed in the treated WS (n = 113) was 0.75 m, ranging from 0.09 to 2.08 m. Tree crown width ranged from 0.09 to 1.4 m. Data from a subsample (n = 18) of saplings showed mean age tree was 9 years, ranging from 1 to 15 years. On average, saplings grew 0.1 m year−1 in height and 0.04 m year−1 in width. Mean sapling canopy cover was calculated to be 0.7% at the treated WS based on the belt transects.



In the untreated WS, adult trees (based on having a canopy diameter of 1.5 m or greater) made up 26% (34 of 133 trees) of all juniper at the valley monitoring plot and 16% (29 of 186 trees) of all juniper in the upstream monitoring plot. Mean sapling density was estimated to be 640 trees ha−1 at the untreated WS. Tree canopy cover was 30.4% for the valley plot and 28.0% for the upstream plot in the untreated WS.





3.2. UAV-Based Vegetation Data Results


3.2.1. Tree Canopy Cover at the Untreated Watershed (WS)


Canopy cover estimates using the UAV-based imagery at both untreated WS plots varied between vegetation indices that used visual or multispectral data (Table 3). The threshold value to determine vegetation was 0.05 for NDVI and OSAVI, 0.1 was used for TRVI and 0 was used for TGI. All pixels valued at and below the corresponding index threshold were considered to be non-vegetated areas. At the untreated WS upstream plot, NDVI, OSAVI and TRVI based estimates of canopy cover ranged from 26.1% to 27.3% (0.7% to 1.9% less than ground observations) while canopy cover measurements using TGI indicated 22.8% canopy cover (5.2% less than ground calculations). At the untreated WS valley plot, canopy cover estimates using NDVI, OSAVI, and TRVI were 33.7% to 34.5% (3.3% to 4.1% greater than ground measurements) (Figure 3). Canopy cover estimates using TGI at the untreated WS valley plot showed the largest difference from ground-based measurements at 21.2% (9.2% lower than ground estimates).



At the untreated WS valley site, estimates of canopy cover using SVM supervised classification (both RGB and multispectral imagery) were closer to ground-based results compared to the use of vegetation indices (Table 3). At the untreated WS upstream site, TRVI estimated canopy cover better than the SVM classification using RGB or multispectral imagery.




3.2.2. Vegetation Cover and Juniper Sapling Density at the Treated WS


Based on the number of pixels corresponding to vegetation and non-vegetated areas, estimates of total vegetated ground cover based at the treated WS were similar between methods with the exception of the RGB imagery from October 2018 (Table 4). Results of these methods were also similar to line-point intercept surveys conducted in 2018 [49]. However, visual inspection of some areas of the classified rasters indicated regions where areas of bare ground and vegetation were misclassified. The use of NDVI with multispectral imagery resulted in a small difference in overall vegetated cover estimate for October imagery (0.1%) and a 1.9% difference in the estimate of vegetation cover for July imagery.



Based on the number of pixels classified as juniper, estimates of juniper sapling canopy cover using multispectral data (with and without NDVI values) from October 2018 were similar to ground-based estimates. Estimates of juniper sapling cover from multispectral imagery in July 2018 were five to six times those of the ground-based measurements. Juniper density estimates at the treated WS based on RGB imagery were 3.5% (October 2018) and 4.8% (July 2018), compared to the 0.7% juniper density calculated using belt transects.



Overall, identification of juniper saplings using supervised classification was more accurate in the October orthomosaic compared to that of imagery from July (Figure 4, Table 5 and Table 6). User’s accuracy of juniper was also greater in October compared to July, regardless of the inclusion of NDVI values or if multispectral or RGB imagery was used. User’s accuracy ranged from 72.6% (RGB imagery from July 2018) to 100% (October imagery without NDVI and October RGB imagery). Producer’s accuracy for juniper ranged from 64.3% (July RGB imagery) to 88.6% (October imagery with and without NDVI). For both months, the use of NDVI resulted in slight differences in user’s and producer’s accuracy of juniper. The use of RGB imagery was also associated with somewhat lower producer’s accuracies compared to multispectral imagery.



The accuracy of these methods to assess other types of ground cover (non-juniper vegetation, bare ground, and woody debris) was also compared (Table 5 and Table 6). However, specific vegetation species other than juniper (such as sagebrush) were not analyzed for accuracy, and all pixels that corresponded to non-juniper vegetation were grouped together for analysis. Misclassification of pixels corresponding to areas of bare ground and woody debris occurred more frequently in both October orthomosaics compared to the July orthomosaics (Figure 4, Table 5 and Table 6).



The overall accuracy of the supervised classification for all classes analyzed (juniper, bare ground, other vegetation, and woody debris) ranged from 76.6% (July RGB imagery) to 80.7% (July multispectral imagery with NDVI) (Table 7). The greater overall accuracy of the July orthomosaic can be largely attributed to the higher producer’s accuracy of woody debris for this month. Values of Cohen’s kappa coefficient for each method were similar, ranging from 0.70 to 0.74. The kappa coefficient for the juniper class only was 0.88 for both October orthomosaics, and 0.69 (multispectral imagery only) and 0.71 (multispectral imagery with NDVI) for the July orthomosaics. The use of RGB imagery resulted in very low kappa coefficients for the juniper class specifically: −0.08 for RGB imagery in July and 0.47 for RGB imagery in October.






4. Discussion


This research examined the use of ground and UAV-based techniques to assess vegetation characteristics in two watersheds, one dominated by juniper and one where the majority of juniper was removed 14 years ago. We hypothesized that the use of high-resolution UAV imagery could be used to reasonably estimate canopy cover and juniper density at this study site.



4.1. Juniper Canopy Cover


Our ground-based tree canopy cover estimates (0.7% treated WS; 29.2% untreated WS) were similar to those by Ray et al. [44] who, 10 years post-treatment, estimated <1% juniper cover in the treated WS and 30% in the untreated. Our results are also similar to those by Bates et al. [50] for a similar western juniper ecosystem in southeastern Oregon; where juniper saplings occupied 0.8% of the treated plots and mature juniper occupied 29.6% of the control plots 12 years post-treatment.



Results also indicate that canopy cover estimated from vegetation indices (TRVI, NDVI, and OSAVI) derived from multispectral imagery were similar to the ground-based canopy cover estimates. Our results are similar to those by Davies et al. [51] who found a strong correlation between juniper cover estimates made using National Agriculture Imagery Program imagery and ground-based measurements using line intercepts.



Canopy cover estimates using a vegetation index (TGI) based on RGB data were not as close to our ground-based estimates when compared to those obtained using multispectral imagery. However, when supervised classification was used with RGB imagery, we found that canopy cover estimates substantially improved when compared to the use of TGI. This is similar to the findings from other studies that have successfully used RGB imagery to estimate canopy cover in other settings such as dense beech forests [26] and rice fields [52].




4.2. Juniper Sapling Density and Vegetative Cover


Our ground-based estimates of juniper density (797 trees ha−1) in the untreated WS were similar to those (743 trees ha−1) reported by Fisher [43] in 2004. Supervised classification applied to multispectral imagery (with and without NDVI) collected in October 2018 produced similar estimates of juniper sapling density (0.7% and 1.0%) compared to our ground-based results (0.7%).



Several studies [24,53] have highlighted the impact of seasonal collection on the accuracy of vegetation detection. In this study, the accuracy of juniper detection in the treated WS monitoring plot was greater for October imagery when compared to July imagery. Visible differences in vegetation were apparent in the imagery collected in the fall compared to the summer, this due in part to the non-juniper vegetation had senesced or displayed reduced vigor compared to the July imagery. While data collection occurred at around the middle of the day for both flights, differences in illumination were also clear in the images. The use of RGB imagery also resulted in lower producer’s and user’s accuracies of juniper identification compared to multispectral imagery of the same month. Furthermore, low kappa coefficients of the juniper class for RGB imagery were observed during both seasons while much higher kappa coefficients for the juniper class were observed with multispectral imagery in October. Similar to our findings, Everitt et al. [54] found differences in reflectance characteristics between juniper and surrounding vegetation during summer and spring. Juniper in northwest Texas was also found to have different reflectance characteristics than other species during the month of February but no other times of the year [55].




4.3. Study Limitations and Future Research


The differences in canopy cover estimates and juniper density observed may be related to techniques and timing of data collection. While all flights were conducted around the same time of day, differences in cloud cover and topography may have influenced shading and vegetation index values. Small differences in threshold values will likely influence the canopy cover estimate and inherent differences in the ground-based measurement methods have also been found to contribute to differences in canopy cover estimates in semiarid woodlands [56]. The belt transects in the treated WS captured a wider range of topography and slopes within the watershed compared to the UAV-monitoring plot, which may not be representative of the differing vegetation characteristics.



By using small monitoring plots we were able to compare ground measurements more directly to UAV analysis to determine accuracy. However, a larger study area would encompass more topographical features of the watershed allowing us to compare results by aspect and slope. In addition to density and canopy cover, sapling height is an important characteristic in understanding juniper re-establishment. The use of UAV-based imagery to measure tree height has been demonstrated in several studies [57,58,59], and may provide important information regarding juniper height at this study site in future research. However, the height of juniper saplings may be similar to much of the surrounding vegetation (e.g., sagebrush) so consideration should be given to the age and structure of juniper stands.



The choice of pixel-based classification methods can influence results. A support vector machine (SVM) approach was used for supervised classification in this study. The use of SVM offers advantages over some other supervised classification methods, such as the maximum likelihood classifier, as it does not require the data to be normally distributed. However, Otukei and Blaschke [60] found that decision trees outperformed both support vector machine and maximum likelihood classifier approaches for land cover classification in open woodlands in Portugal, although all three methods produced acceptable accuracies. Another study, Joy et al. [61] successfully used decision trees to identify key vegetation types within a mixed woodland ecosystem that included pinyon-juniper species.



The accuracy of supervised classification is also dependent upon the training samples. Challenges associated with pixel-based analysis result when individual pixels may represent different classes (e.g., bare ground and wood), which may have accounted for some misclassification of wood and bare ground pixels in this study. If classes are very similar, misidentification and misclassification can occur. The use of a hybrid approach may also improve accuracy at our study site. Kumar et al. [62] found that the use of unsupervised and supervised classification together improved land cover classification in a semiarid region over using either approach alone. Additionally, in this study we used the pixel digital numbers, without radiometric calibration, for analysis. While imagery was visually assessed, in order to assess temporal changes or fuse imagery from multiple dates together, radiometric corrections should be made in future research.



This study utilized pixel-based image analysis based on pixel brightness values. Future research utilizing object-based image analysis (OBIA) incorporating shape and texture into classification may help delineate between juniper and other vegetation species. Baena et al. [63] found that OBIA, when used in combination with structure from motion (SfM) derived height models, could be used to assess the density of tree species in Northern Peru. While the ArcGIS Majority Filter tool was used in this research to minimize isolated pixels, the use of OBIA has been shown to reduce the amount of scattered pixels in high-resolution imagery [64].



The results of this study demonstrated the potential use of quadcopter UAV for evaluating juniper canopy cover and density, when seasonal limitations for data collection are considered. As in Breckenridge et al. [65], our vegetative cover measurements using UAV-based multispectral imagery were similar to ground-based measurements. However, the accuracy of juniper sapling identification varied between seasons. Similar to the results found by Tay et al. [39], we found that pixel-based classification applied to UAV images can accurately detect and monitor vegetation. Given the large scale of juniper expansion and time requirements associated with ground surveys, the use of UAV offers the advantage of more efficient data collection compared to using ground-based techniques alone. UAV also offer a high-resolution, flexible platform which can be used by land managers to target specific study sites, times, and objectives.



Our study was specifically designed to evaluate UAV techniques for the management of juniper ecosystems. Similar to research by Lehmann et al. [66], future research at this study site includes expanding the techniques used in this study to characterize the spatial distribution of invasive species such as cheatgrass, which negatively affect rangeland ecosystems in the Pacific Northwest. A variety of other UAV applications such as in forest conservation planning, post-fire recovery, and estimation of dendrometric parameters for timber extraction forecast will likely become more common in the near future [67] because of the high cost, time and labor involved in traditional extensive field methods, especially in inaccessible locations [68].





5. Conclusions


This study evaluated western juniper canopy cover and density in a treated (juniper removed) and an untreated WS using ground-based and UAV-based methods. This research found that, as expected, juniper canopy cover and density were greater at the untreated WS compared to the treated WS. When supervised classification or multispectral vegetation indices were used, estimates of mature juniper canopy cover were similar to ground-based results. Additionally, we found that juniper sapling reestablishment post-treatment was of similar magnitude to that obtained in previous studies by different methods in the same ecosystem.



The results of this study also emphasize the importance of considering the seasonal characteristics of vegetation when collecting data. Juniper identification was more accurately achieved with October multispectral imagery than with July multispectral imagery or with RGB imagery. However, estimates of vegetation cover in the treated WS were similar, with the exception of RGB imagery from October, to ground-based estimates regardless of the season of collection. Although specific objectives and data collection regimes should be considered, UAV techniques are promising tools for monitoring western juniper expansion and monitoring vegetation cover in semiarid ecosystems.
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Figure 1. Map of the study site showing ground-based collection points and monitoring plot location in both watersheds. Study plots in the untreated watershed (WS) have been labeled to clarify position. The larger plot in the treated WS indicates the location of the unmanned aerial vehicle (UAV) imagery collection in that WS. Image created using ArcMap 10.6. Source: Esri, DigitalGlobe. 
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Figure 2. Supervised classification procedure performed in ArcMap. 
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Figure 3. Untreated WS valley canopy cover. Darker shades correspond to lower vegetation index values and lighter shades correspond to higher values. NDVI, TRVI, and OSAVI values were similar, and therefore only OSAVI is shown for comparison. Differences can be seen in the characterization of canopy cover and in the shadows under the canopy between the OSAVI and TGI images. 
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Figure 4. Subset of orthomosaic and classified rasters for the treated WS. July imagery is shown in top row: (a) subset of original orthomosaic, (b) classification of RGB (red, green, and blue wavelengths) raster, and (c) classification of MS (multispectral bands: red, green, blue, near-infrared, and red-edge wavelengths) without NDVI values. October imagery is displayed on the bottom row: (d) subset of original orthomosaic, (e) classification of RGB raster, and (f) classification of MS raster without NDVI. All classified images display results following the application of the Majority Filter tool. Red shading indicates pixels classified as juniper while pixels shaded green represent pixels identified as any other vegetation type. White cardboard was used to identify juniper in the October image (d) but is not present in the July image (a). “Other veg” refers to all vegetation not classified as juniper. 






Figure 4. Subset of orthomosaic and classified rasters for the treated WS. July imagery is shown in top row: (a) subset of original orthomosaic, (b) classification of RGB (red, green, and blue wavelengths) raster, and (c) classification of MS (multispectral bands: red, green, blue, near-infrared, and red-edge wavelengths) without NDVI values. October imagery is displayed on the bottom row: (d) subset of original orthomosaic, (e) classification of RGB raster, and (f) classification of MS raster without NDVI. All classified images display results following the application of the Majority Filter tool. Red shading indicates pixels classified as juniper while pixels shaded green represent pixels identified as any other vegetation type. White cardboard was used to identify juniper in the October image (d) but is not present in the July image (a). “Other veg” refers to all vegetation not classified as juniper.



[image: Forests 10 00296 g004]







[image: Table]





Table 1. UAVs used for data collection. Multispectral (red, green, blue, near-infrared, and red-edge bands) imagery was captured by attaching the RedEdge camera to the Solo and Matrice 100. Visual imagery (red, green, and blue bands) was collected using the Phantom 3 Professional camera.
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	UAV Platform
	Manufacturer
	Image Type





	Solo
	3D Robotics, Inc., Berkeley, CA, USA
	Multispectral



	Matrice 100
	DJI, Shenzhen, China
	Multispectral



	Phantom 3 Professional
	DJI, Shenzhen, China
	Visual
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Table 2. Vegetation indices selected to assess vegetation and ground cover characteristics of the study plots. Names refer to reflectance values for each band. The TGI uses the wavelength (ʎ) for the red, green, and blue bands in the calculation. NIR refers to near-infrared.
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	Method
	Formula





	Triangular Greenness Index (TGI) [46]
	−0.5[(ʎred − ʎblue)(Red − Green) − (ʎred − ʎgreen)(Red − Blue)]



	Optimized Soil Adjusted Vegetation Index (OSAVI) [33]
	(NIR − Red)/(NIR + Red + 0.16)



	Normalized Difference Vegetation Index (NDVI) [31]
	(NIR − Red)/(NIR + Red)



	Total Ratio Vegetation Index (TRVI) [34]
	4[(NIR − Red)/(NIR + Red + Green + Blue)]










[image: Table]





Table 3. Canopy cover at the untreated study plots. Method refers to the vegetation index used to calculate the canopy cover. TGI is calculated using reflectance values from the RGB (red, green, and blue bands) imagery. NDVI, OSAVI, and TRVI are calculated using reflectance values from the multispectral (red, green, blue, near-infrared, and red-edge bands) imagery. Values above the threshold value are considered vegetation. RGB classification refers to the support vector machine supervised classification performed using visual imagery. MS (multispectral bands: red, green, blue, near-infrared, and red-edge) classification refers to supervised classification performed using multispectral imagery. Ground refers to ground-based measurements of canopy cover made at each study plot.
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	Location
	Method
	Canopy Cover (%)
	Threshold





	Untreated WS Upstream
	TGI
	22.8
	0



	
	NDVI
	26.1
	0.05



	
	OSAVI
	26.7
	0.05



	
	TRVI
	27.3
	0.1



	
	RGB classification
	26.6
	N/A



	
	MS classification
	30.3
	N/A



	
	Ground
	28.0
	N/A



	Untreated WS Valley
	TGI
	21.2
	0



	
	NDVI
	33.7
	0.05



	
	OSAVI
	33.7
	0.05



	
	TRVI
	34.5
	0.1



	
	RGB classification
	29.5
	N/A



	
	MS classification
	29.4
	N/A



	
	Ground
	30.4
	N/A
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Table 4. Characterization of ground cover by pixel-based analysis from supervised classification from July and October 2018 at the Treated WS. RGB refers to supervised classification of RGB bands (red, green, and blue) only. Multispectral data (“MS only”) uses reflectance values from the red, green, blue, near-infrared, and red-edge wavelengths. Multispectral with NDVI (“MS+NDVI”) used the multispectral bands with the addition of NDVI values for classification. Non-vegetated ground cover refers to all other types of ground cover evaluated: bare ground and woody debris. Ground-based results are based on data collected from belt-transects and line-point transects from a study in 2018 [49].
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	Juniper Cover (%)
	Vegetation Cover (%)
	Non-Vegetated Cover (%)





	Jul 18: RGB
	4.8
	43.2
	56.8



	Jul 18: MS only
	6.5
	41.2
	58.8



	Jul 18: MS+NDVI
	7.5
	43.1
	56.9



	Oct 18: RGB
	3.5
	50.3
	49.7



	Oct 18: MS only
	0.7
	42.8
	57.2



	Oct 18: MS+NDVI
	1.0
	42.7
	57.3



	Ground
	0.7
	43.1
	56.9
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Table 5. Confusion matrix for supervised classification for July 2018, for RGB (red, green, and blue wavelengths), multispectral imagery (red, green, blue, near-infrared, and red-edge wavelengths), and multispectral imagery with NDVI values. Reference pixels are displayed by column and classified pixels are displayed by row. All vegetation that was not juniper was grouped under the class of “Other Veg”.
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	July RGB
	Reference
	
	
	
	



	Classified
	Juniper
	Bare Ground
	Other Veg
	Wood
	User’s Accuracy



	Juniper
	45
	2
	15
	0
	72.6



	Bare Ground
	0
	73
	3
	8
	86.9



	Other Veg
	25
	6
	86
	0
	73.5



	Wood
	0
	8
	7
	38
	71.7



	Producer’s Accuracy
	64.3
	82.0
	77.5
	82.6
	



	July without NDVI
	Reference
	
	
	
	



	Classified
	Juniper
	Bare Ground
	Other Veg
	Wood
	User’s Accuracy



	Juniper
	48
	1
	11
	0
	80.0



	Bare Ground
	0
	67
	3
	1
	94.4



	Other Veg
	22
	6
	89
	0
	76.1



	Wood
	0
	15
	8
	45
	66.2



	Producer’s Accuracy
	68.6
	75.3
	80.2
	97.8
	



	July NDVI
	Reference
	
	
	
	



	Classified
	Juniper
	Bare Ground
	Other Veg
	Wood
	User’s Accuracy



	Juniper
	50
	1
	15
	0
	75.8



	Bare Ground
	0
	73
	2
	2
	94.8



	Other Veg
	20
	6
	88
	0
	77.2



	Wood
	0
	9
	6
	44
	74.6



	Producer’s Accuracy
	71.4
	82.0
	79.3
	95.7
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Table 6. Confusion matrix for supervised classification for October 2018, for RGB (red, green, and blue wavelengths), multispectral imagery (red, green, blue, near-infrared, and red-edge wavelengths), and multispectral imagery with NDVI values. Reference pixels are displayed by column and classified pixels are displayed by row. All vegetation that was not juniper was grouped under the class of “Other Veg”.
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	Oct RGB
	Reference
	
	
	
	



	Classified
	Juniper
	Bare Ground
	Other Veg
	Wood
	User’s Accuracy



	Juniper
	58
	0
	0
	0
	100.0



	Bare Ground
	0
	67
	9
	5
	82.7



	Other Veg
	11
	17
	76
	7
	68.5



	Wood
	1
	16
	7
	42
	63.6



	Producer’s Accuracy
	82.9
	67.0
	82.6
	77.8
	



	Oct without NDVI
	Reference
	
	
	
	



	Classified
	Juniper
	Bare Ground
	Other Veg
	Wood
	User’s Accuracy



	Juniper
	62
	0
	0
	0
	100.0



	Bare Ground
	0
	67
	9
	5
	82.7



	Other Veg
	8
	17
	76
	7
	70.4



	Wood
	0
	17
	7
	41
	63.1



	Producer’s Accuracy
	88.6
	66.3
	82.6
	77.4
	



	Oct NDVI
	Reference
	
	
	
	



	Classified
	Juniper
	Bare Ground
	Other Veg
	Wood
	User’s Accuracy



	Juniper
	62
	1
	0
	0
	98.4



	Bare Ground
	0
	68
	7
	5
	85.0



	Other Veg
	8
	16
	77
	6
	72.0



	Wood
	0
	13
	9
	44
	66.7



	Producer’s Accuracy
	88.6
	69.4
	82.8
	80.0
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Table 7. Overall accuracy and Cohen’s kappa coefficient for supervised classification of each orthomosaic. Method refers to the kappa coefficient across all classes while juniper refers to the kappa coefficient only for juniper.
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	Overall Accuracy (%)
	Kappa (Method)
	Kappa (Juniper Only)





	Jul 18: RGB
	76.6
	0.72
	−0.08



	Jul 18: MS only
	78.8
	0.71
	0.69



	Jul 18: MS+NDVI
	80.7
	0.74
	0.71



	Oct 18:RGB
	76.9
	0.71
	0.47



	Oct 18: MS only
	77.8
	0.70
	0.88



	Oct 18: MS+NDVI
	79.4
	0.72
	0.88
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