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Purpose
The purpose of this document is to provide a progress report for the sponsored project ‘Assessing
Watershed Impacts of the Bighorn Fire – A collaboration with Pima County Regional Flood Control
District’. This report marks approximately the half-way point of the project’s duration and is intended to
inform the sponsor of the project’s direction, scope, and limitations. This document can be used to
discuss results, expectations and any changes for the final products and report.

Objectives (as specified in original scope of work)
The main research objectives and deliverables for this project will focus on the Santa Catalina Mountains
with an emphasis on the Canyon Del Oro (CDO) Wash.
1. Process and analyze aerial LiDAR (pre- and post-fire) to quantify changes in vegetation volume
and standing v. fallen timber across data coverage areas (e.g., CDO watershed)
2. Assess pre- and post-fire canopy structure using Aircraft LiDAR and possibly Global Ecosystem
Dynamics Investigation (GEDI) spaceborne LiDAR data products
3. Assess vegetation cover change and recovery at the plot and mountain scales. We seek
collaboration/coordination with Don Falk and Jim Malusa and possibly using their established
vegetation plots to focus geospatial data acquisition and analysis efforts. We will scale-up
observations using drone, airborne (e.g., Pictometry), and satellite imagery sources (e.g., Planet,
Sentinel 2).
4. Analyze aerial LiDAR (pre- and post-fire) to quantify changes in surface topography (i.e., erosion
and deposition). Identify areas of aggradation and degradation.
5. Monitor specific areas of erosion and/or aggradation concern with optical drone imagery and
photogrammetric point clouds. We could collect imagery at an interval or after precipitation
events.
6. Provide data and map products highlighting areas of concern and changes over time.

Current Products and Progress of Scope of Work
Objective 1. Process and analyze aerial LiDAR (pre- and post-fire) to quantify changes in
vegetation volume and standing v. fallen timber across data coverage areas (e.g., CDO
watershed)
Objective 2. Assess pre- and post-fire canopy structure using Aircraft LiDAR and possibly
Global Ecosystem Dynamics Investigation (GEDI) spaceborne LiDAR data products
Objectives 1 and 2 have been combined due to their similarity. Using aerial LiDAR data collected
by Pictometry in Fall 2020 (post-fire) and LiDAR collected by USGS in Spring 2019 (pre-fire), we
are calculating vegetation volume change due to wildfire. This analysis will be separated into
different vegetation height classes to assess the loss of mature trees vs. lower stature
vegetation such as seedlings and shrubs. Volume change will be calculated per HUC12
watersheds and at smaller arbitrary grid cells (e.g., 10 ha) for a more spatially explicit
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estimation. The extent of this analysis is limited by the extent of the 2019 LiDAR data which
covers the south central and southwest areas of the burn areas (Fig. 1).
Due to its coarse spatial resolution and difficult product characteristics and interpretation, we
currently do not intend to use GEDI spaceborne LiDAR in this analysis.

Objective Status: In Progress
Completed:
 Obtained 2020 Pictometry LiDAR and canopy height model
 Located and downloaded 2019 USGS LiDAR data covering the Santa Catalina Mountains
(Fig. 1)
 Converted and mosaicked 2019 LiDAR into a canopy height model (Fig. 2)
To be completed:
 Calculate vegetation volume for 2019 and 2020 canopy height models
 Calculate vegetation volume difference at watershed and grid cell resolutions
 Separate vegetation volume differences into height classes

Fig. 1. Extent of 2019 USGS LiDAR (red boxes) overlayed on Bighorn Fire perimeter (yellow).
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Fig. 2. LiDAR-derived canopy height models for A) 2019 and B) 2020 are being used to estimate
vegetation volume change due to the Bighorn Fire. Trees are highlighted in red and yellow,
while herbaceous and shrub cover is displayed in green.
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Objective 3. Assess vegetation cover change and recovery at the plot and mountain
scales. We seek collaboration/coordination with Don Falk and Jim Malusa and possibly
using their established vegetation plots to focus geospatial data acquisition and analysis
efforts. We will scale-up observations using drone, airborne (e.g., Pictometry), and
satellite imagery sources (e.g., Planet, Sentinel 2).
The scope of this objective is quite broad, so we have organized our efforts into several subobjectives.
Objective 3.1
Our first step in assessing vegetation cover change was analyzing the burn severity map created
by the US Forest Service Burned Area Emergency Response Team (BAER) directly after the fire
event. The burn severity index uses the differenced normalized burn ratio (dNBR) based on
Landsat 8 satellite data (Fig. 3; see Appendix for more information). According to the index, 64%
of the 119,236 acres was either unburned or low burn severity. Moderate burn severity
accounted for 32% of the burned area, and 4% was identified as high burn severity. We
separated burn severity by HUC12 watersheds (Fig. 4).
Objective 3.1 Status: Completed

Fig. 3. Difference normalized burn ratio created by Burned Area Emergency Response Team
(BAER).
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Fig. 4. Burn severity classes for each watershed reported as percentages.

Objective 3.2
We are developing a time-series of thematic classified maps from May 2020 (pre-fire) to
September 2021 to track vegetation cover change and recovery (Fig. 5). The main data used in
this analysis is Planet satellite imagery (planet.com) which consists of 4-band color NIR
reflectance data with 3m spatial resolution. The Planet dataset provides consistent reflectance
data for vegetation monitoring at higher spatial and temporal resolution than other satellite
sources such as Landsat. We are currently producing binary classification products that identify
alive vegetation vs. all other cover types for each watershed (Table 1). We are using decision
tree algorithms (c50) for the classifications.
Objective 3.2 Status: In Progress
Completed:
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Classified May 2020 and Sept. 2020 Planet satellite imagery into two classes (alive
vegetation and other)
Completed accuracy assessment of May 2020 and Sept. 2020 classified products
Calculated class proportions for each HUC12 watershed
Obtained May 2021 Planet satellite imagery

To be Completed:
 Classify May 2021 Planet satellite imagery into two classes (alive vegetation and other)
 Accuracy assessment of May 2021 classified product
 Obtain and classify September 2021 Planet satellite imagery into two classes (alive
vegetation and other)
 Accuracy assessment of September 2021 classified product
 Calculate class proportions for HUC12 watersheds
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Fig. 5. Thematic classification for A) May 27, 2020 and B) September 6, 2020 using Planet
satellite imagery and clipped to the Bighorn Fire boundary. Living vegetation is shown in green
and all other classes are shown in brown. The HUC 12 watersheds are displayed over the
classification and imagery base map.
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Table 1. Binary class proportions within each watershed. Only pixels within the fire perimeter
were considered.
HUC12 Watershed

May 2020

September 2020

Vegetation

Non-Vegetation

Vegetation

Non-Vegetation

Entire Fire Perimeter
Area

0.45

0.55

0.29

0.71

Upper CDO

0.7

0.3

0.37

0.62

Middle CDO

0.55

0.45

0.33

0.67

Ventana/Esperero

0.29

0.71

0.26

0.74

Upper Rillito

0.11

0.89

0.13

0.87

Lower Rillito

0.09

0.91

0.14

0.86

Sabino Canyon

0.57

0.43

0.36

0.64

Bear Creek

0.71

0.29

0.48

0.52

Buehman Canyon

0.14

0.86

0.03

0.97

Edgar Canyon

0.36

0.64

0.23

0.77

Alder Wash

0.60

0.40

0.36

0.64

Stratton Wash

0.51

0.49

0.25

0.75

Sutherland Wash

0.48

0.51

0.38

0.62

Pepper sauce Wash

0.55

0.45

0.25

0.75

Bullock Canyon

0.05

0.95

0.01

0.99

Objective 3.3
We are developing a time-series of more detailed thematic classified maps from May 2020 to
September 2021. These products have five cover classes (alive woody vegetation, dead woody
vegetation, herbaceous vegetation, bare ground, rock) which should provide more useful
information to Pima County Flood Control (Fig. 6 & Fig. 7). We are using Planet satellite imagery
combined with aerial LiDAR. We are challenged by the fact that LiDAR datasets neither cover the
entire area of interest nor exist at all time-steps. To complete the time-series, we may use other
datasets including 2019 NAIP aerial imagery. We are using decision tree algorithms (c50) to
identify classes.
Objective 3.3 Status: In Progress
Completed:
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 Classified Sept./Oct. 2020 imagery
 Completed accuracy assessment of Sept./Oct. classified product
To be Completed:
 Classify May 2020, May 2021, and Sept. 2021 imagery
 Accuracy assessment of May 2020, May 2021, and Sept. 2021 classified products
 Report class proportions for each watershed

Fig. 6. Thematic classification of Bighorn fire perimeter using Planet satellite imagery from Sept.
2020 and aerial LiDAR collected in Oct./Nov. 2020. The HUC 12 watersheds are displayed over
the classification and imagery base map.
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Fig. 7. Thematic classification using Planet satellite imagery from Sept. 2020 and aerial LiDAR
collected in Oct./Nov. 2020. The area of interest is focused on the Upper CDO watershed just
north of Summerhaven, AZ.

Objective 3.4
We are collecting high-resolution drone imagery of vegetation and soil morphology field plots in
the Santa Catalina Mountains. These data will support the work of Emily Fule, Don Falk, Ann,
Youberg, and Luke McGuire who are collecting fine-scale field measurements of vegetation
composition and soil properties. The drone imagery will complement the field data by providing
a permanent visual record of the plots. Additional, value-added products such as estimates of
vegetation cover and identification of dead trees may also be produced. A group of 11 plots
have been identified by the team as ideal for drone imagery collection (Fig. 8). These plots
represent a variety of burn severities and vegetation types.
Objective 3.4 Status: In Progress
Completed:
 Collected drone data and created imagery products (point clouds, orthomosaics, digital
terrain models, digital surface models; see Figs. 9 & 10) for Loma Linda Canyon plus
plots M13, C22, M20, and C12.
To be Completed:
 Collect drone data at remaining plots that are accessible and not within Wilderness
12



Create imagery products for remaining plots

Fig. 8. This graphic shows the location of 11 field plots (purple circles) that have been identified
for drone data collection.
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Fig. 9. Drone-based orthomosaic and digital surface model for field plot C12 near Mt. Lemmon
Ski Valley. Imagery was collected in June 2021.
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Fig. 10. Drone-based point cloud of field plot C12 near Mt. Lemmon Sky Valley. Imagery was
collected in June 2021.

Objective 4. Analyze aerial LiDAR (pre- and post-fire) to quantify changes in surface
topography (i.e., erosion and deposition). Identify areas of aggradation and degradation.
We will perform a subtraction of 2019 and 2020 LiDAR-derived terrain models to identify any
large changes in surface topography. Because there has been little precipitation since the fire
event, we are currently unaware of any stretches of river or hillshopes where significant
deposition or erosion of sediment has occurred that is detecable with repeat LiDAR. We stand
ready to assist Flood Control if specific areas are identified.
Objective 4 Status: In Progress
To be completed:
 Create digital terrain models (1 m resolution) from 2019 and 2020 LiDAR datasets
 Assess co-registration of LiDAR datasets to develop a threshold to distinguish real
vertical surface change from precision error
 Subtract 2020 DTM from 2019 DTM on a cell-by-cell basis to identify surface changes
(i.e., erosion or deposition) that exceed threshold

Objective 5. Monitor specific areas of erosion and/or aggradation concern with optical
drone imagery and photogrammetric point clouds. We could collect imagery at an
interval or after precipitation events.
The drone imagery collected at Loma Linda Canyon and the other field plots could serve as
baseline topographic data for tracking sediment movement. However, no specific areas of
aggradation, degradation, or debris flows have been identified for aerial monitoring. If large
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precipitation events occur and sediment movement becomes pronounced, we can activate this
objective to image specific areas of concern.
Obejctive 5 Status: Idle

Objective 6. Provide data and map products highlighting areas of concern and changes
over time.
All satellite products, drone imagery products, and other associated datasets are being posted
to an ArcGIS web map served by the Arizona Remote Sensing Center (Fig. 11).
Access the web map here:
https://uagis.maps.arcgis.com/apps/webappviewer/index.html?id=42151e75171b4c7d8b6feab
2ee240e59
At the end of the project, all imagery products will be delivered to Pima County Regional Flood
Control in digital formats.
Objective 6 Status: In Progress

Fig. 11. ArcGIS web map with many remotely sensed layers and other geospatial data related to
the Bighorn fire.

Final Remarks
Expected progress is on schedule. We will continue improving our ability to address each
objective which may include exploring new datasets and techniques not described in this report.
We hope to gain more knowledge about the area during our field campaigns and those being
conducted by other researchers at the University of Arizona.

16

Appendix
Datasets Used in this Project
2020 Bighorn Fire differenced normalized burn ratio (dNBR)
 Created from Landsat 8 imagery
𝑁𝐼𝑅 𝐵𝑎𝑛𝑑 5−𝑆𝑊𝐼𝑅 𝐵𝑎𝑛𝑑 7
𝑁𝐼𝑅 𝐵𝑎𝑛𝑑 5+𝑆𝑊𝐼𝑅 𝐵𝑎𝑛𝑑 7



𝑁𝐵𝑅 =




𝑑𝑁𝐵𝑅 = 𝑝𝑟𝑒𝑓𝑖𝑟𝑒𝑁𝐵𝑅 − 𝑝𝑜𝑠𝑡𝑓𝑖𝑟𝑒𝑁𝐵𝑅
Downloaded from Burned Area Emergency Response (BAER)
https://fsapps.nwcg.gov/baer/baer-imagery-support-data-download
Burn Severity Category Descriptions (from BAER):
“The low category of soil burn severity indicate that there was only partial consumption of fine
fuels and litter coverage still remains, to some extent, on the soil surface. Residence time at the
soil surface in low areas was short, leaving root systems and structure intact. Recovery time in
the low category will vary based on ecological community but is expected to be relatively short.



A moderate category of soil burn severity indicates consumption of litter and fine fuels at the
soil surface. In forested communities, the heat from moderate severity fire will result in water
repellant conditions at the mineral soil surface. The canopy in the moderate forested system is
browning and it is expected that trees in this area will drop needles and leaves that can provide
some litter cover at the soil surface. In these systems, recovery can take longer for tree species
to reestablish.
The moderate soil burn severity category in lower elevation communities indicates complete
consumption of shrub cover that can but does not necessarily result in water repellant
conditions at the soil surface. Several shrub species in the lower elevation communities do root
crown after fire and recovery time will be variable. Moderate soil burn severity category in the
lower elevation shrub communities that did not express water repellant behavior can still result
in a runoff potential category of high as a result of the soils inherent qualities and the removal of
effective vegetative cover.
A high soil burn severity category is the result of higher intensity fire behavior or longer
residence time at the soil surface. This category is found in forested or dense Woodland
communities and the litter and fuels, including an overstory canopy, was consumed. The soil
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structure is weakened, roots are charred, and water repellant soil conditions persist through the
upper horizon of mineral soil. Recovery time in the conifer systems can be significant.”
USGS National Hydrography Dataset
 Watershed Boundary Dataset Hydrologic Unit 12 (WBDHU12)
 Downloaded from nationamap.gov
Planetscope satellite imagery
 4-band (RGBNIR)
 ~3 m spatial resolution
 Surface reflectance values
 Dates: 5/27/2020, 9/6/2020, 12/2/2020, 5/13/2021
 Downloaded from planet.com
Pictometry Aerial Light Detection & Ranging (LiDAR)
 Collection Date: Oct.-Nov. 2020
 2 points/m2 (0.7 m point spacing)
 Up to 4 returns per pulse
 9.25 cm RMSE vertical accuracy; 25 cm RMSE horizontal accuracy
 Points classified into ground/non-ground (filter methods unknown)
 Raster canopy height model (0.9 m spatial resolution; interpolation methods unknown)
Pictometry RGB Orthomosaic
 3-band RGB
 16 cm (6 inch) spatial resolution
 Collection Date: Oct.-Nov. 2020

Extent of Oct.-Nov. 2020 Pictometry LiDAR and aerial imagery (RGB)
USGS Airborne LiDAR
 QL 2; 2.73 points/m2
 Collection Date: March-June 2019
 Vendor: Sanborn Map Co.
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Points classified into ground/non-ground (filter methods unknown)
Downloaded from USGS 3D Elevation Program Lidar Explorer

Appendix Table 1. Burn severity statistics for each watershed
HUC12 Watershed

Area
(ha)

Area
(acre)

Burned
Area
(ha)

Burned
Area
(acre)

Burned
(%)

MTBS dNBR (ha)

Unburned

Unburned
to Low

Low

Moderate

High

Upper CDO

10,717

26,484

7,705

19,040

71%

3,012

1011

2092

3227

1372

Middle CDO

8,112

20,046

1,853

4,579

22%

6,259

376

728

725

22

Ventana/Esperero

9,153

22,619

2,300

5,685

25%

6,853

473

1234

581

11

Upper Rillito

12,232

30,228

717

1,774

5%

11,515

176

326

198

16

Lower Rillito

7,535

18,620

832

2,056

11%

6,703

153

353

318

6

Sabino Canyon

12,834

31,714

5,432

13,423

42%

7,402

986

2172

1997

275

Bear Creek

4,526

11,184

1,063

2,626

23%

3,463

160

311

568

23

Buehman Canyon

9,215

22,773

4,447

10,990

48%

4,768

1009

2657

773

7

Edgar Canyon

7,791

19,254

4,410

10,898

56%

3,381

1146

2013

1116

134

Alder Wash

7,391

18,266

3,969

9,808

53%

3,422

704

1415

1515

333

Stratton Wash

4,729

11,687

1,915

4,734

40%

2,814

637

910

347

20

Sutherland Wash

10,608

26,215

7,023

17,356

66%

3,585

1382

3020

2400

220

Pepper sauce
Wash
Bullock Canyon

6,385

15,778

1,862

4,602

29%

4,523

426

818

584

32

4,249

10,501

3,124

7,720

73%

1,125

1588

1312

223

0
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Binary classification time-series of vegetation across entire fire perimeter








Datasets:
o Planetscope imagery from May 2020, Sept. 2020, May 2021
o NDVI derived from Planetscope imagery
Class 1: Photosynthetically active vegetation
Class 2: All other land cover including dead vegetation, bare ground, and rocks
Classification methods: We used the c50 algorithm which is a type of automated decision tree
similar to ‘random forests’. The algorithm was implemented using Rstudio. We selected 45
training points for each class across the study area. 75% of points were used to develop the
prediction model and the remaining 25% were used for validation.
May 2020 Overall Accuracy 95%; Sept. 2020 Overall Accuracy 100%

5-class classification time-series across entire fire perimeter










Datasets:
o Planetscope imagery from May 2020, Sept. 2020
o NDVI derived from Planetscope imagery
o Pictometry LiDAR
Classes: alive tree/shrub; bare ground; dead tree/shrub; herbaceous vegetation; rock
We chose 100 points for each class, 75% were used for training, 25% were used for validation
Alive trees/shrubs (84% accuracy)
Standing dead tree/shrubs (88% accuracy)
Grasses/ferns/forbs (100% accuracy)
Bare-ground (60% accuracy)
Rock (72% accuracy)
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RStudio Code – c50 Decision Tree Classification
### 1. Establish work folder.
setwd("F:\\Black_mypassport_1.8TB\\Smith_vanLeeuwen_work\\Bighorn_fire\\may_planet_classification")
imagefolder = "F:\\Black_mypassport_1.8TB\\Smith_vanLeeuwen_work\\Bighorn_fire\\sept_planet_classification"
trainingfolder = "F:\\Black_mypassport_1.8TB\\Smith_vanLeeuwen_work\\Bighorn_fire\\sept_planet_classification"
resultsfile =
"F:\\Black_mypassport_1.8TB\\Smith_vanLeeuwen_work\\Bighorn_fire\\sept_planet_classification\\CARTDecisionTreeResults.
txt"
resultsmatrix =
"F:\\Black_mypassport_1.8TB\\Smith_vanLeeuwen_work\\Bighorn_fire\\sept_planet_classification\\CARTFinalSummary.txt"
resultsimage = "CARTClassifiedImage"
### 2. Activate libraries. You may need to download and install the libraries if you have not already.
library(C50)
library(partykit)
library(Cubist)
library(mvtnorm)
library(raster)
library(shapefiles)
library(sp)
library(rgdal)
library(caret)
library(class)
library(e1071)
library(maptools)
library(randomForest)
library(doParallel)
registerDoParallel(cores = 20)
library(snow)
library(xlsx)
library(gdata)
### 3. Read in and stack the raster data.
### Creates a list of files in a specific location. The path can be changed along with the pattern to select specific files.
imglist <- list.files(path = imagefolder, pattern='.tif$', full.names = TRUE)
n_images <-length(imglist)
### Stacks the image files listed in the previous command.
img <- stack(imglist)
### 4. Read in the training shapefiles.
### Looks in the designated work folder for shp files with a specific naming convention
train.files <- list.files(path = trainingfolder, pattern='.shp$', full.names = TRUE)
### 5. This section of code will extract values from the image data for each training points.
### Creates an empty object filled in the next step.
train.full <- NULL
### Starts timer.
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ptm <- proc.time()
for (x in seq_along(train.files)) {
### Read in the shapefile
train.locations <- readOGR(train.files[x])
### Extract values from the rasters at the shapefile point locations.
train.predictors <- extract(img, train.locations, df = TRUE)
### Combine the data from multiple polygons in the shapefile. If the data is in a point shapefile instead ofpolygons, skip this
next line.
#train.predictors <- as.data.frame(do.call(rbind,train.predictotrairs))
### Add a column for the class type and populate it.
numChar <- nchar(trainingfolder)+2
train.by.class <- cbind(train.predictors, "types" = substr(train.files[x], numChar, nchar(train.files[x])-4))
### Combine the data with data from previous loops.
train.full <- rbind(train.full, train.by.class)
}
### Stops timer.
proc.time() - ptm
write.xlsx(train.full, "train_studyarea.xlsx")
### 6. Splits each class into training and validation. p = dictates the percentage of the split.
#.75 means 75% goes to training, 25% for testing
train.index <- createDataPartition(train.full$types, p = .75, list=FALSE )
### 7. Separate training and validation data into separate files.
###Percentage of data dictated by the p value above goes here
train <- train.full[train.index,]
###The remaining of data above goes here
test <- train.full[-train.index,]
###Separates the variables from the class names for the training data
Xtrain <- train[,2:6] #columns in table (click table in Environment data window; first column is ID, last column is classes = y)
Ytrain <- train[,7]
Ytrain = as.factor(Ytrain)
###Separates the variables from the class names for the test data
Xtest <- test[,2:6]
Ytest <- test[,7]
Ytest = as.factor(Ytest)
testmodel<- C5.0(Xtrain, Ytrain, trials = 20, rules = FALSE, control = C5.0Control(winnow=FALSE))
summary(testmodel)
###Save model summary to a text file
write(capture.output(summary(testmodel)), resultsfile)
### 9.Use model to predict using the reserved test data
p <- predict.C5.0(testmodel, Xtest, type="class")
###Assess accuracy of prediction
confusionMatrix(p, Ytest)
###Save assessment test to text file
write(capture.output(confusionMatrix(p, Ytest)), resultsmatrix)
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### Starts timer.
ptm <- proc.time()
#Predict classes on raster image
beginCluster(20)
#NAvalue(img) <- x
clusterR(img,raster::predict, args=list(model=testmodel),
filename="CARTClassifiedImage_v3", format="HFA", datatype="INT1U" ,
overwrite=TRUE, na.action=na.omit)
endCluster()
### Stops timer.
proc.time() - ptm
# ###Variable importance
importance_usage <- C5imp(testmodel, metric = "usage", pct = TRUE)
importance_splits <- C5imp(testmodel, metric = "splits", pct = TRUE)
importance_usage
importance_splits
# #Visualize the decision trees
plot(testmodel, trial = 19, subtree = NULL)
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RStudio Code – Convert lidar.las to Canopy Height Models
setwd("F:\\Black_mypassport_1.8TB\\Smith_vanLeeuwen_work\\Bighorn_fire_data\\2019_lidar_data")
library(raster)
library(lidR)
library(rgdal)
library(sf)
library(rgeos)
library(sp)
#Bring point cloud into Rstudio
points = readLAS("USGS_LPC_AZ_BrawleyRillito_FEMA_2018_12S_WA_1682.las")
#plot(points, color = 'Classification')
#Points have already been identified as ground or non-ground by the USGS
#Identify ground points using a cloth simulation filter algorithm
#points_classified = lasground(points, algorithm = csf(sloop_smooth = TRUE, class_threshold = 0.4, cloth_resolution = 0.75,
rigidness = 2))
#Separate the classified point cloud into a ground point cloud and canopy point cloud
ground_points = lasfilter(points, Classification == 2)
canopy_points = lasfilter(points, Classification == 1)
#Create a grided digital terrain model
DTM = grid_terrain(ground_points, res = 0.914, algorithm = knnidw(k = 10, p = 2))
DSM = grid_canopy(points, res = 0.914, algorithm = p2r(subcircle = 0, na.fill = NULL))
DEMstack = stack(DSM, DTM)
CHM = DSM-DTM
#Export the Canopy Height Model to a .tif
writeRaster(CHM,
"F:\\Black_mypassport_1.8TB\\Smith_vanLeeuwen_work\\Bighorn_fire_data\\2019_lidar_data\\2019_lidar_1682_CHM.tif",
overwrite = TRUE)
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Loma Linda Canyon Drone Imagery Specifications
Date:
1/8/2021; 1/13/2021
UAS Pilot: Jeffrey Gillan (certified Remote Pilot for Small Unmanned Aircraft Systems, #3969325)
Assistant: Kangsan Lee
Flight Areas:
Loma Linda canyon, just north of Summerhaven, AZ (35 ha; 1378 total images)
Loma Linda vegetation transect (16 ha; 297 total images)
Referencing:
 Loma Linda Canyon: Real-time Kinematic correction from a portable base station. The base
station was NOT set-up over surveyed benchmarks, so there could be horizontal and vertical
shifts (from true location) in all of the imagery products. The base station was set up in the
parking lot for Oracle Ridge trailhead just north of the Mt. Lemmon fire station. We choose this
area to launch because it was lower in elevation than the top of the hill with the survey
benchmark. We found there to be a vertical distance threshold the drone could fly below launch
location. This threshold was crossed when we tried to fly from top of hill.
Base-station coordinates: 32.451691; -110.754495; 2349 m Height above ellipsoid
 Loma Linda Vegetation Transect: Real-time kinematic correction with base station set-up over
National Geodetic Survey marker CZ1857 on Oracle Ridge.
Base-station coordinates: 32.45351; -110.7536; 2436.18 m Height above ellipsoid

Aircraft

DJI Phantom 4 RTK

Sensor

20 mpx; RGB;
Global Shutter

Aperture & Shutter

Automatic

Image format

Jpeg; ~8 mb; 8 bit

Autopilot

DJI GS RTK

Acquisition Pattern

Single Grid at Nadir;
Double Grid at 25° Oblique

Image forward & side overlap

80%

Flying Height

90 m above ground using
terrain awareness flying

Flying Speed

6 m/s

Ground Sampling

~2.5 cm
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Photogrammetry Image Processing
Software:
Agisoft Metashape 1.6.4
Imagery Products Outputs:
Dense Point Clouds (.las)
Orthomosaics (.tif)
Digital Surface Models (.tif)
PARAMETER

PHOTO ALIGNMENT

CAMERA ACCURACY (M):
TIE POINT ACCURACY (PIX)
POOR QUALITY POINT
REMOVAL (USING
GRADUAL SELECTION)
CAMERA OPTIMIZATION
DENSE POINT CLOUD
DIGITAL SURFACE MODEL
ORTHOMOSAIC
GENERATION

SETTING
Quality: Medium
Geometric Self-calibration: Yes
Generic Pre-selection: Yes
Reference Pre-selection: No
Adaptive Camera Model Fitting: Yes
Key point limit: 50,000
Tie point limit: 0
Long: 0.013; Lat:0.012; Alt: 0.025
0.4
Reconstruction Uncertainty: >15
Projection Accuracy: >8
Reprojection Error: >0.25
Adaptive Fitting: True
Quality: High
Filtering: Mild
Spatial Resolution: 5.0 cm
Blending Mode: Mosaic
Fill Holes: True
Surface: DSM
Spatial Resolution: 2.8 cm
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