
Forest Type Differentiation using Machine 
Learning, Phenology Metrics, and Land Surface 
Parameters

1

Aaron E. Maxwell
West Virginia University 

Department of Geology and Geography

PECORA 2022
Technical Session 6-6: Forest Inventory and Condition Mapping
September 27th

Presenter Notes
Presentation Notes
Now that we have discussed linear regression and associated generalized linear models, we will move on to discuss other methods for predicting a nominal or numeric variable that fall under the general umbrella of machine learning. 
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Prof Maxwell

http://www.wvview.org/Prof_Maxwell.html

Presenter Notes
Presentation Notes
My name is Aaron Maxwell. I am an Assistant Professor in the Department of Geology and Geography at West Virginia University. I grew up in Preston County, West Virginia, went to college in Philippi, West Virginia at Alderson Broaddus College, then attended graduate schools at West Virginia University in the department in which I now work. My primary interest is working with digital map data. The fields of Geographic Information Systems (GIS) and Geographic Information Science (GISc) are focused on developing methods to create, store, visualize, and analyze map data using computers. Remote Sensing relates to the process of collecting data from a distance, or without coming into physical contact with the feature of interest. A common example is collecting images of the Earth’s surface using sensors attached to satellites. So, I am an Earth Scientist who analyzes digital map data to extract useful and actionable information. This is just one application of data science!

http://www.wvview.org/Prof_Maxwell.html


AmericaView and United State Geological Survey 

WV View is supported by AmericaView and the 
U.S. Geological Survey under Grant/Cooperative 
Agreement No. G18AP00077. The views and 
conclusions contained in this document are those 
of the authors and should not be interpreted as 
representing the opinions or policies of the U.S. 
Geological Survey. Mention of trade names or 
commercial products does not constitute their 
endorsement by the U.S. Geological Survey.
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Thanks

Presenter Notes
Presentation Notes
This course was funded by AmericaView, which obtains funding from the United States Geological Survey. AmericaView supports geospatial and remote sensing research, education, and outreach. This larger organization funds state views, such as West Virginia View. I am currently the principal investigator for West Virginia View. Over the past several years, we have generated a series of courses, which we host on our West Virginia View website, with funding from AmericaView. So, this course would not have been possible without this support. This material was also funded by the National Science Foundation (NSF). Thanks to the NSF for making this course possible. 



Faith Hartley

Rick Landenberger

Zachary Bortolot
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Publication

Hartley, F.M.; Maxwell, A.E.; Landenberger, R.E.; Bortolot, 
Z.J. Forest Type Differentiation Using GLAD Phenology 
Metrics, Land Surface Parameters, and Machine Learning. 
Geographies 2022, 2, 491-515. 
https://doi.org/10.3390/geographies2030030 



Assess forest type mapping and 
probabilistic prediction at the Landsat 
scale using machine learning, phenology 
metrics, and land surface parameters

Samples = WV Natural Heritage 
Program field plots

Spectral = GLAD Phenology Metrics

DEM = 10 m NED
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Goal and Inputs
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Context
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GLAD Phenology

Potapov, P., Hansen, M.C., Kommareddy, I., Kommareddy, A., 
Turubanova, S., Pickens, A., Adusei, B., Tyukavina, A. and Ying, 
Q., 2020. Landsat analysis ready data for global land cover and 
land cover change mapping. Remote Sensing, 12(3), p.426.

https://glad.umd.edu/

https://glad.umd.edu/
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GLAD Phenology

Potapov, P., Li, X., Hernandez-Serna, A., Tyukavina, A., 
Hansen, M.C., Kommareddy, A., Pickens, A., Turubanova, S., 
Tang, H., Silva, C.E. and Armston, J., 2021. Mapping global 
forest canopy height through integration of GEDI and Landsat 
data. Remote Sensing of Environment, 253, p.112165.



GLAD Phenology
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Downloaded all 16-day composites from 
beginning of 2015 to end of 2019 using Perl 
script

Generated 2019 product, which is gap filled 
using prior years or adjacent pixels

Used Perl script to derive full phenology 
metric set

Potapov, P., Hansen, M.C., Kommareddy, I., Kommareddy, A., Turubanova, S., 
Pickens, A., Adusei, B., Tyukavina, A. and Ying, Q., 2020. Landsat analysis ready 
data for global land cover and land cover change mapping. Remote Sensing, 
12(3), p.426.

Presenter Notes
Presentation Notes
Humans commonly rely on a base-10 number system in which only ten different symbols are available (0 through 9) and these symbols are combined with positional notation to denote a value. Each place represents a magnitude of 10. Or, 10 is 10-time larger than 1 and 100 is 10-times larger than 10. So, understanding the meaning of the symbol and the position of the symbol in the sequence allows individuals to consistently represent numeric values. Why do we use a base-10 system? This is most likely because we have 10 fingers on which to keep track of counts and quantities. If we did not have 10 fingers, we may have devised a different system. For example, if we had 12 fingers, we may have devised a system that used 12 unique symbols and positional notation. 



GLAD Phenology
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data for global land cover and land cover change mapping. Remote Sensing, 
12(3), p.426.

Presenter Notes
Presentation Notes
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Land Surface Parameters

Maxwell, A.E. and Shobe, C.M., 2022. Land-surface 
parameters for spatial predictive mapping and 
modeling. Earth-Science Reviews, p.103944.
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Presenter Notes
Presentation Notes
This paper is another reference for using terrain derivatives and geomorphometry in remote sensing, GIS, and spatial predictive modeling.
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Feature Space



Uses decision trees

Uses the Gini Index of Impurity

Ensemble decision tree method

Uses random subset of predictor 
variables for splitting at each node

Uses random subset of training data 
in each tree

Attempts to reduce correlation 
between trees

Ensemble of weak classifiers
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Random Forests (RF)
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Subset

Tree 
1

Tree 
2

Tree 
3

Tree 
4

Subset of predictors used in each tree

Take the 
majority 

vote

Breiman, L., 2001. Random forests. Machine learning, 45(1), 
pp.5-32.

Presenter Notes
Presentation Notes
One means to potentially expand upon single decision trees is to generate multiple decision trees that act collectively as a single model. Such methods are known as ensemble decision tree methods. These methods have generally been shown to offer strong performance and improvement over single decision trees. There are different methods available to generate an ensemble of decision trees. One option is Random Forest, which is currently very popular.RF traditionally makes use of the Gini Impurity metric to determine splitting rules; however, augmentations of RF may use different measures. Each tree in the ensemble uses a subset of the training samples, which are selected using bootstrapping, or random sampling with replacement. Also, only a subset of the predictor variables is available for splitting at each decision node. The goal of using a subset of the training data and variables is to reduce the correlation between trees and minimize overfitting, or a set of weak classifiers are collectively strong and generalize well due to reduced overfitting (Brieman, 2001). The method requires the user to determine the number of trees to include in the ensemble. However, the algorithm does not overfit if a large number of trees is used, so it is common to use a large number by default, such as 500 or 1,000. The number of predictor variables available for splitting at each decision node, generally termed mtry, is generally optimized; however, the default settings may provide an adequate result. For classification problems, the final label is determined based on a majority vote or the class that has the largest number of votes aggregated across all of the trees will be the resulting classification. The distribution or proportion of votes for each class can be used to obtain a probabilistic class prediction. For regression, each node will represent a range of values which can be averaged across trees to obtain the final continuous prediction. Another interesting feature of random forest is that some internal self assessment is possible since not all training samples are used in each tree. The withheld samples in each tree are known as out-of-bag (OOB) samples. Predicting the OOB samples and aggregating across trees can provide an assessment of model performance. 



Summer Band Medians

Fall Band Medians

Spring Band Medians

Harmonic Regression 
Coefficients
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Comparisons

https://github.com/bluegreen-labs/gee_subset

https://github.com/MBalthasar/rHarmonics/

https://github.com/bluegreen-labs/gee_subset
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Results
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Results



Including digital terrain variables are valuable

The number of classes and class definitions can have a large impact on 
the accuracy

Highlights the value of supplementing “hard” classification products 
with associated probabilistic predictions

GLAD Phenology Metrics were generally of value; however, they did not 
provide the level of accuracy obtained using harmonic regression 
coefficients

18

Key Findings
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Moving Forward
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Moving Forward

Alder/Maple Other Douglas/Fir Spruce/Fur Hemlock/Sitka

Lodgepole Oak Dominant Tanoak/Laurel Larch



Lessons Learned
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Developing Predictor Variables 

Jain, Anil K., Robert P. W. Duin, and Jianchang
Mao. "Statistical pattern recognition: A 
review." Pattern Analysis and Machine Intelligence, 
IEEE Transactions on 22.1 (2000): 4-37.

Hughes Phenomenon

Hughes, G.F. 1968. On the mean accuracy of statistical 
pattern recognizers. IEEE Transactions on 
Information Theory 14 (1): 55–63. 
doi:10.1109/TIT.1968.1054102.

“Curse of dimensionality”

Modified from a slide created by Tim Warner

Presenter Notes
Presentation Notes
As discussed in a prior module, including a large number of predictor variables may cause a decrease in model performance. This is because increasing the number of predictor variables increases the model complexity. So, even though more information is provided, the problem most be solved in a more complex feature space. This issue tends to be more of a concern when only a limited number of training samples are provided. This issue is known as the Hughes Phenomenon or the “curse of dimensionality.”As a result of this issue, you may want to limit the number of variables included in the model. You may also choose to limit the number of features to simplify the model. 



Model Variability
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Presenter Notes
Presentation Notes
Again, our goal here was not to provide an in-depth discussion of supervised classification machine learning. Instead, the topic was simply introduced. Machine learning is discussed in some of our more advanced courses if you are interested. On this slide, I have provided a link to an open-source manuscript focused on the applied application of machine learning in remote sensing. Commonly used machine learning algorithms, such as random forests and support vector machines, have been integrated into software packages, such as Erdas Imagine, ENVI, ArcGIS Pro, QGIS/Orfeo Toolbox, R, and Python. So, these algorithms can now be easily implemented and do not require coding knowledge. 



Accuracy Assessment
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Difficult Mapping/Modeling Problems



Aaron.Maxwell@mail.wvu.edu

https://github.com/maxwell-geospatial

https://www.youtube.com/channel/UCpSo0ZG5
FtMyKwGnHaGnvrA/videos
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Thanks

https://www.wvview.org/index.html

Presenter Notes
Presentation Notes
Here are links to my GitHub, YouTube, and West Virginia View webpages. I have also included my email. Feel free to reach out if you have any questions or comments, and please check out the other instructional materials that we provide through these mediums. 

mailto:Aaron.Maxwell@mail.wvu.edu
https://github.com/maxwell-geospatial
https://www.youtube.com/channel/UCpSo0ZG5FtMyKwGnHaGnvrA/videos
http://www.wvview.org/index.html
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