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Rangeland conservation specialists make use of vegetation patterns, soils, and 
climate knowledge to classify pieces of land from a landscape perspective.  
Although this process can provide a significant amount of details, it is an 
resource-intensive practice.  It is recognized that mapping ecological states beyond 
small plot levels requires the incorporation of new methods that allow managers to 
accomplish this task with fewer resources and in less time.

Research in mapping ecological states has relied on manual methods (Steele et al., 
2012) and acknowledged the need for more research on improving previous 
methods (Williamson et al., 2012) utilizing remote sensing data applied to rangeland 
management.

In this study our objectives are (1) to evaluate landscape representation of 
ecological states compared to isolated polygons (transects), (2) to assess the ability 
of remote sensing, enhanced with very high-resolution drone imagery, to classify 
states based on the season of imagery collection and spatial resolution, and (3) 
evaluate the accuracy across bare patch metrics.  

Our results show that combining drone-derived datasets and satellite imagery using 
a machine learning approach we can map eroded areas at the landscape level. 

Figure 1. The study area is located in the Santa Rita Experimental Range (SRER) 
within the Ecological Site defined as the Sandy Loam Upland and Deep in grey 
(SLUD). Polygons in green are the areas surveyed by Daniel Robinett in 2018 and 
2019 (Robinett Rangeland Resources LLC) and contain the ecological state 
information. 
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(a) Figure 4. Eroded state 

classification for the 
drone-derived metrics 
(a) and the 
model-based (b) of LPI, 
MF and BG. Red bars 
show the eroded 
polygons and blue the 
non-eroded. The x-axis 
shows the area size by 
polygon and y-axis 
represents the 
percentage of pixels 
eroded. Blue dashed 
line shows when 
polygons were correclty 
classified.  Eroded 
polygons are expected 
to be above the 50% 
line. LPI metric resulted 
in the highest accuracy 
(~92% drone derived 
metrics ~86% model).   
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Further work
❑ Implement methods to extract 

threshold. 
❑ Scale up using the two other sensor 

resolution methods. 
❑ Test this workflow with historical 

Landsat archive as a follow up study.

Figure 6. Estimation of connected pixels 
falling above the mean LPI  (threshold) and 
as part of the collapsed layer that are 
building up areas of 1 ha. or larger. We are 
still in the process of developing methods 
for threshold definition.

Our current efforts are focused in the 
definition of the LPI threshold to try to 
improve the accuracy of the eroded areas 
at the landscape level as shown in Fig. 5.  

Figure 5. The LPI collapsed approach is used to find those areas that were 
consistently classified as eroded in both periods as a strategy to try to minimize errors 
in classification at the landscape scale. Pixels with LPI values above the threshold on 
both periods are used.

Figure 3. The workflow showing the inputs (1,2,3,6), metric calculation(4), metric 
assessments(5,9), model building (7), output post-processing (10,11) and 
verification(12).

❑ The states to map in the SLUD were defined as Large Shrub Eroded (LSE) and 
Large Shrub Grass (LSG).

❑ We calculated three metrics, the Largest Patch Index (LPI) (McGarigal and 
Cushman, 2012) at each grid-cell, mean fetch (MF), as the average distance to 
plant as used in (Kuehl et al., 2001), and a Bare-ground percentage (BG). 

❑ Metrics were calculated at three different grid-resolution (Landsat8, Sentinel2 
and PlanetScope) and here we only present results based on Landsat8.

❑ A Random Forest model was built using satellite surface reflectances and 
vegetation indexes (EVI and NDVI) as features for scaling up the metrics.

❑ Assessment of the drone-derived and model metrics was performed using the 
ground surveyed polygons. 

❑ Pixel connectivity was used as a method to map areas of 1 ha or larger by using 
the connected pixels with metric values above a defined threshold, which is used 
to classify the eroded state at the pixel level.

Figure 2. Example of one the polygons surveyed showing a drone-derived 
landcover classification based on RGB 1cm drone imagery (Gillan et al., 2021) 
and a Landsat-8 pixel grid overlaying. 
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