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Comparing Forest Health and Overall Landcover Over Three Time Periods 
 
Summary 
 
California has been in a drought. With this dry, hot, and sometimes breezy weather, the hills 
and mountains are always at risk of fire. To combat this, or at least make the forest and hills 
less likely to catch and spread fire, projects with measures such as creating defensible space, 
fire breaks, and reducing the fuel within the forest have been in the planning stages since 2016 
and have been initiated since 2018 for the Sly Park/Jenkinson Reservoir area. My area of 
interest (AOI) is Sly Park and surrounding areas. While the fuel reduction project encompassed 
a much larger portion of the forest, Sly Park and its surrounding areas are part of it. The overall 
goal of this section of the project is to connect existing fuel breaks, make fire adapted 
communities and increase the overall forest health in the AOI. My intentions are to look at NAIP 
images from the years 2016, 2018, and 2020 to compare forest health over the three separate 
years and overall land coverage. Because vegetation management, including the steps taken in 
a fuel reduction project, is reported to increase forest health, I am looking at the AOI from 2016 
(post drought), 2018 (initiation of project), and 2020 (during the project) to compare the 
change over the three years. 
 
Background and Intent 
 
Background from this project stems from a forest survey 
I completed approximately four years ago to locate and 
record new archaeological sites and rerecord over 20 
existing sites prior to a fuel reduction project in the El 
Dorado National Forest. The fuel reduction project was 
scheduled for 2018-2022. 
 
The area of interest is Sly Park and surrounding areas. 
While the fuel reduction project encompassed a much 
larger portion of the forest, Sly Park and its surrounding 
areas are part of it. The overall goal of this section of the 
project is to connect existing fuel breaks. Through 
mastication, thinning, and timber harvest, the Sly Park 
area will benefit from forest health and will be resilient 
against wildfire by creating the fuel breaks and easier 
access for the fire department if the need arises. 
 

Photo by: Thomas Frey. Dead trees and debris to be removed 
from the Jenkinson Reservoir area. 2021. 

Photo by: Thomas Frey. Timber ready to be transported after 
harvest. 2021. 
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Data Acquisition 
 
Originally my images were going to be LANDSAT images from the 
USGS site – Earth Explorer. Having trouble finding images that 
matched my desired time periods, or the image having too much 
cloud cover, I decided to try searching for images on the ArcGIS 
Online Portal, within ArcGIS Pro. I was able to find a NAIP CIR 
image the entire United States. However, upon using more 
detailed keywords in my search I found a NAIP CIR of California in 
all three time periods (2016, 2018, 2020). I located my AOI, the 
Jenkinson Reservoir and surrounding area. The size of my AOI was 
far too large to export as a whole. For each year, nine smaller 
images were exported (27 total). After careful consideration, I 
made my project area a third smaller and ended up only using six 
rasters for each year.  
 
 
Tasks 
 
Some of the tasks performed were basic image processing tasks while others were more 
complicated. The tasks will be outlined in this section. Some tasks may be left out due to not 
using them in my final results. 
 
 
 

Photo by: Dawn Hodson. Completed area of the Sly Park Recreation Area. 2018. 

NAIP CIR Image found on ArcGIS Online Portal. 
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1. Clip to download because of Column/Row limits. As explained above, upon finding the 
images I would be using for my project, the export of the three time periods for my AOI 
were extremely large and needed to be clipped to a smaller size and exported as 
separate images (to later be pieced together). For each year I exported nine smaller 
NAIP CIR images. I only ended up using six images per year, a third smaller than 
intended. Notice in the second set of photos for 2018, my raster layers have random 
numbers in their title. Originally one to nine were the images but after trying to mosaic 
together I realized I did not leave enough overlap on the separate images to be pieced 
together with out gaps. Example, “Image NAIP_18_21” is for the number two spot with 
an addition of “1”. 

Six smaller rasters to be assembled using a raster function tool (next step). 

Screen shot of Table of Contents in ArcGIS Pro for rasters to be used in mosaic for each year. 
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2. Create Raster Mosaic. In this step I took all six images for each year (18 total) and used 
the Raster Function – Mosaic Raster to make one large raster for each year. 

 
 
 

3. Create NDVI. There were quite a few options when creating an Normalized Difference 
Vegetation Index (NDVI) for the NAIP CIR image: NDVI, NDVI with Scientific Output 
selected, NDVI Colorized, and through Band Arithmetic. I made all four types for the 
three mosaicked images (2016, 2018, 2020) to determine which would be best for me to 
utilize in the project.In Raster functions you can find the NDVI and NDVI Colorized in the 
Analysis subsection. The Band Arithmetic can be found in the Math subsection. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

(Left) Raster Function – Mosaic raster. Six input rasters blended to make one 2020 Raster. 
(Above) The 2020 result of mosaic. 
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NDVI = ((IR - R)/ (IR + R)), with “IR” being the Near Infrared and “R” being the visible red. 

After calculation, a raster output should look similar to this. The symbology for this 

ranges from white to black, with white being healthy vegetation and black being water, 

development, or barren land. 

 

Using the Scientific Output option on the same raster function tool- NDVI the image 

appears like this. This symbology for this image ranges through the colors of the 

rainbow, with reds and oranges signifying healthy vegetation, yellow moderate, and the 

green through indigo representing barren or developed land, or water. 
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Using Band Arithmetic, the image symbology again is the white through black, with 

white representing the healthy vegetation. 

 
Finally, the NDVI Colorized raster is created. Red-Yellow-Green symbology is used where 
the green appropriately represents the healthy vegetation. 

 

 
 

All four of these images are of the NAIP CIR 2016 raster. After completing this I took the 
same steps for 2018 and 2020. Because I was still unsure of what I would be using in this 
project, I decided to continue making rasters that would be potentially useful. 
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4. Create False Color Composite. This step takes three separate rasters and combines to 
make the false color composite image. Here I use the Green band, the Infrared band and 
the NDVI just created to compose an image that should be easier to visualize vegetation 
versus natural colors. The resulting image consists of dark blues/purples to greens and 
yellows, and identifies trees, grasses, wetlands, water and development. The image 
used is from the 2016 data. 

 
This process of creating green band image, IR band image, and using the already made 
NDVI image to make a false color composite was used for both 2018 and 2020. While 
this image does allow the viewer to see barren spots, trees and other vegetation easily, I 
am still unsure if this would be the method to use. Next, I moved on to a Supervised 
Classification. 

 

5. Create Supervised Classification. Image classification takes the raster data set and 
assigns value to each individual pixel. This process, while computer assisted, took a lot 
longer to complete because of the training you must do. The following images are the 
process I took to create a supervised classification for land cover classification. 

The first step is to segment the original image. By using classification tools in the 
imagery tab, select the segmentation option. 
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Below is a screen shot of the raw image along side the segmented image. The 
segmented image does just that, segments. The image is crisper and easier to see 
change in landcover versus the raw image. 

 

 

Next, you classify the image by using the Image Classification Wizard on the Imagery 

tab. For the Classification Method I chose Supervised, the Classification Type I chose 

Object Based, the Classification Schema I chose the default, I ensured my Output path 

was correct, and selected the newly made segmented image. 

Raw image of 2016 NAIP CIR. Segmented image of NAIP CIR. 
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The next step included training samples. Different methods were explored (drawing 

polygons, using the segment picker) to train the samples. I preferred the use of the 

segment picker, as my image changed so much from pixel to pixel that the polygons, I 

attempted were small and time consuming. Throughout my selections, I noticed I had 

many black pixels, depicting shadows, so I decided to add another class for “Shadow”. 

Hundreds of training samples were completed to try to have the most accurate 

depiction I could. 

  

The resulting raster is shown below. After the first go around, I ended up reclassifying 

and adding even more training samples.  
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After close examination, I found many pixels were still not depicting the correct land 

cover type. This likely had to do with my addition of the “Shadow” class. Because of this 

I went in manually and fixed some of the errors I was finding. This was a terribly time-

consuming task. For sections of shadowed roads, I would use a polygon tool to change 

any black shadows to barren land. In the example you can also see the classification of 

water on the road, where no water was near. A reclassify was performed. 

 

Next an accuracy assessment was performed. The accuracy assessment can be found in 

the image tab and by selecting the classification tools button. After ensuring the 

classified image was selected in my table of contents (this will be the image used for the 

assessment), I selected from the drop-down menu, Accuracy Assessment. The tool has 

you input a training dataset that I saved earlier, selecting defaults for the remainder, 

and ensuring my out path is correct. This tool produces a visual of your assessment in 

the tool once run and a standalone table. 

Small segment of original image. Notice black and blue 
pixels on the road. 

Clipped segment of original image (lager than photo 
on the left), to show progress in retraining samples. 



Wolpert 11 
 

The table results suggest I have a 100% accuracy. I can imagine it was the hours of 

selecting training samples on my images. This process was performed on all the of my 

datasets and all resulted in 100% accuracy. 

 

6. Zonal Statistics as Table. After making different types of data to analyze, I needed a way 
to look at how much area each landcover type of healthy vegetation I was looking at. To 
find the Zonal Statistics as Table tool, you to select the Tools icon on the Analysis tab, or 
the Geoprocessing icon on the View tab. Both icons represent a toolbox and will take 
you to the same place. Once the icon is clicked, search for the Zonal Statistics as Table 
tool. There are multiple tools with “Zonal Statistics”. Be sure to select either that reads 
“Zonal Statistics as Table”. After entering the appropriate information, run the tool and 
a table is produced. This table shows count (number of pixels), area (in meters sq.), 
among other stats. 
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To make this table more meaningful to me I added three components. I added an additional 
row with totals from the above rows within certain fields, an field containing acreage, and a 
percent total field. With the exception of the “totals” row, I was able to use the calculate 
field option you get when right clicking the field title. For the “ACRE” field, I simply entered 
the equation “AREA * 0.00024711” to give me the total acreage. For the “PCTTotal” field, I 
entered the equation “ (class acreage / total acreage) * 100” to give me the percent of that 
particular land cover in the image. I did this for all remaining images. 

 

 

 

 

Equation used to calculate acreage. Equation used to calculate percent of total. 

Zonal Statistics as Table for reclassified image in 2016. A totals row was added and Acres and Percent Total fields were added. 
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7. Percent change. On my own and not knowing whether this action would result in 

anything useful, I decided to use the raster calculator (found in the geoprocessing tools) 

to create another set of rasters for my images. This task compared the percent of class 

change compared to another year. With the classified image I have produced for each 

year, I compared 2016 to 2018, 2018 to 2020, and 2016 to 2020. Below is the equation I 

used to create raster and the resulting images. One image is the result of the equation 

and the other after I changed the min/max of the classes along with the color scheme. 
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After completing this task, I found a similar tool to use called the “Change Detection 
Wizard”. Following the prompts and using the same images, the result was very similar to 
what I created above. However, the wizard did provide a chart showing the land cover 
range where most change occurred. While the chart is helpful, the image I created 
previously is easier to see change visually. 
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Issues 
 
Deciding on a project and finding images I could use.  
 
I had a terrible time deciding on a project area and type. When originally searching for images, I 
was going back and forth between LANDSAT images and NAIP images. Detail was important to 
me; seeing landcover was important to me. While LANDSAT offered a wide range of images, 
getting very specific with dates, the images were very inconsistent sometimes having weird 
artifacts and lines, and a lot with cloud cover in the mountainous areas I was searching. NAIP 
images also had their fair share of difficulties such as having the correct number of bands, 
finding the specific years I wanted, having shadows to deal with in the images, and the export 
process. My deciding factor was the resolution of images. 
 
Keeping my Table of Contents (TOC) organized.  
 
For each year I had about 40 rasters plus numerous stand-alone tables. It was all a bit 
overwhelming. This made it difficult to explore and focus. Once I had narrowed down the 
rasters I would be using to analyze data, I made a whole new map and only kept the ones I 
thought I would be utilizing. Additionally, ensuring you have a method of keeping track of what 
you named a file, and the path it had was key. To make things look more uniform in the TOC, I 
changed a lot of the names of rasters. This creates a hassle when you are searching for a file in 
you geodatabase and you did not log the change. This was definitely a learning experience. 
 
Training samples.  
 
While the act of doing the training samples was quite simple, I underestimated the time this 
process would take, albeit quite therapeutic. I became frustrated with the fact that I created a 
shadow class, and after clicking 100s of time, I wished I had not. Creating the shadow class 
seemed like a good idea at first but soon realized it took away landcover from the actual types I 
was interested in. Because of shadows, I may rethink using NAIP images so much in the future, 
unless resolution is necessary.  
 
Results and Conclusion 
 
My intentions were to look at NAIP images from the years 2016, 2018, and 2020 to compare 
forest health over the three separate years and overall land coverage. Because vegetation 
management, including the steps taken in a fuel reduction project, is reported to increase 
forest health, I looked at the AOI from 2016 (post drought), 2018 (initiation of project), and 
2020 (during the project) compared the change over the three years.  
 
Forest Health.  
 
To detect forest health, I looked at the Normalized Difference Vegetation Index (NDVI) over a 
span of three separate time periods: A post drought year (2016), the start of a fuels 
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management project (2018), during the fuels project and also the beginning of another drought 
period (2020). Having another drought period start in 2020 may make it hard to detect any 
changes in forest health. However, this is also a reason that fuel projects are imperative to 
protect California’s forests. 
 
In my analysis, I compared the years 2016 and 2018, 2018 and 2020, and 2016 to 2020.  
It appears the baren/water/developed land stayed relatively consistent. When a loss occurs, it 
must go somewhere. The comparison for healthy forest between 2016 and 2020 shows an 
overall increase of 77% in the forest health. Looking at the forest health comparisons 
separately: 16-18: 533% increase, 18-20: 72% decrease, and 16-20: 77% increase. This makes 
sense because in 2016 Californians were coming out of a drought (2017) leading to 2018. From 
2018 to 2020, the healthy forest decreased, again we were moving into a drought. 
 
Landcover Analysis.  
 
In this section, I looked at organic (all living plants) versus non-organic landcover (barren, 
developed, and water) for the same time periods, but utilizing the Supervised Classification I 
performed. Here the land cover is separated in eight categories. I divided the categories into 
three (organic, non-organic, and shadows). I will not be using the information from the shadow 
class in these results. 
 
In my analysis, I used the same exact method as the forest health section. I compared the years 
2016 and 2018, 2018 and 2020, and 2016 to 2020.  It appears the non organics changed much 
more in comparison to the NDVI results where they stayed fairly consistent. The comparison of 
oraganic land cover between 2016 and 2020 shows an overall decrease of 3%. Looking at the 
forest health comparisons separately: 16-18: 0% increase, 18-20: -3% decrease, and 16-20: -3% 
decrease. This differs from the NDVI because in landcover analysis I am using all organics, 
whether they are healthy or not. Trees, shrubs, grasses, and the like are all included. 
 
Conclusion 
 
While the land cover has stayed consistent of the 4-year span, the forest health has overall 
increased, leaving less dry, dead tinder for fires to ignite. Keeping forest health at a higher-level 
means there is more moisture found with in the leaves, needles and blades thus less likely to 
burn as fast. Because the Sly Park Fuels Management Project is only about halfway complete, I 
look forward to completing another comparison in the future to see the state of the forest 
health. 
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