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Abstract

Forest stands are fundamental management units, consisting of trees of uniform composition and

structure. Creating stand maps is subjective, time-consuming and requires expertise. The dynamic nature

of forests necessitates regular updates and revisions to stand maps. This thesis aims to provide automated

methods of tackling this problem, using both aerial imagery and LiDAR. We first examine the effective-

ness of traditionally employed metrics to evaluate stand maps over three forested landscapes of varying

complexity and degrees of management. We present a fast workflow within ArcGIS Pro that is aimed at

maximizing homogeneity of stands while allowing flexibility in terms of the feasibility of stand sizes. To

address the issue of subjectivity between experts and the requirements of the land, we also propose an

alternative, hands-on approach for refinement using random forests. This significantly reduces human

effort while maintaining the required precision.
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Chapter 1

Introduct ion

1.1 Background and Motivation

Stands are a fundamental management unit in forest management and planning. They are typically a

community of trees having a uniformity in species composition and structure (height, diameter at breast

height, etc.) that distinguishes them from neighboring communities. A forest can thus be seen as a mosaic

of forest stands. This is illustrated in Figure 1.1.

Management decisions are typically applied over forest stands instead of individual trees. The main

idea behind delineating stands is to improve management e�ciency over large forest areas. Management

actions such as clearcutting, thinning, and prescribed burning are generally performed over entire stands.

Stands are also used to keep track of inventory, plan activities, and calculate revenue. It is thus important

to have accurate, up-to-date stand maps.
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Forests cover large areas and can exhibit incredibly complex, non-homogeneous landscapes. They are

also dynamic ecosystems, where natural disturbances such as wild�res and harvesting can drastically alter

their structure. This in turn necessitates frequent updates and revisions of stand maps.

Traditionally, experts have performed stand delineation through visual inspection of aerial or satellite

imagery. The process of creating well-de�ned stand maps requires domain expertise, an implicit under-

standing and knowledge of forest management practices and constraints. Stands are delineated according

to the expert's opinions on their utility. There is no established `ground-truth' stand map. Thus, there is

a good deal of subjectivity associated with the creation of stand maps.

This thesis explores methods of automating stand delineation in an objective manner. The main

motivation behind automating this process is to drastically reduce the time and e�ort needed to create,

update and revise stand maps. This thesis also highlights the challenges that both an algorithm and a

human may face when delineating stands over complex forest landscapes [23].

1.2 Contributions

Chapter 2 of this thesis provides a brief overview of the problem and presents relevant concepts in remote

sensingandAI. Importantconcepts relating toLightDetectionandRanging (LiDAR), aerial imagery, and

the derivation of vegetation indices, canopy heights, and ground elevation are discussed. There is a further

discussion on mean shift segmentation/clustering algorithms along with an explanation on random forest

models. Next, an overview of researchon automatedstanddelineation performedover the last two decades

is provided. In our view, there has been relatively limited work in this �eld. A common issue with the

existing literature is the inconsistencies with the types of data used and the variety of evaluation techniques.
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Figure 1.1: Example of a forest stand map. Every polygon represents an individual stand that is uniform
and distinct from its neighbors. The forest is thus a `mosaic' of stands.

Many studies are based on small, well-managed research forests, where the scope of the problem is much

more limited than in practical use cases. There is also some discussion in the literature [23][26], regarding

the validity of the stand concept, and perhaps having much smaller, algorithmically derived management

units should be preferred.

Chapter 3 introduces the study area and materials that used in this thesis. The study areas consist

of 1) the Talladega National Forest, a large, highly spatially complex region with uneven topography and

mixed-species stands; 2) a privately-owned managed area located on the outskirts of Talladega; and 3) the

Whitehall Forest, a well-managed research forest a few miles south of the University of Georgia's primary

campus in Athens, Georgia.
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There are two main data sources used in our study. The �rst is the aerial imagery (RGB + the near-

infrared (NIR) band) obtained by the Natural Agricultural Imagery Program (NAIP [1]) and airborne

LiDAR data over the Talladega forest and outskirts. Terrestrial LiDAR was used in the Whitehall area.

The other important resource is the set of independent, expert created stand maps across the study areas.

The standmaps are highly detailed, separating timber types andhaving allocatedstands forsteep areas. The

stand maps distinguish between sprcies of pine (e.g. longleaf pines versus loblolly pines), upland versus

bottomland hardwoods and more. The Talladega National Forest stand map contains mixed-species

stands which are labeled accordingly. There is a high variability in the sizes of stands in all study areas.

There is also a di�erence in how polygons are used in the di�erent stand delineation maps. For example,

the stand maps created for the Talladega National Forest depict roads as separating lines between stands,

whereas roads in the Whitehall Forests are polygons themselves.

We start Chapter 4 by introducing the evaluation metrics used for judging the quality of stand maps.

In general, these fall into two broad categories, supervised metrics and unsupervised metrics. The char-

acteristics of the supervised and unsupervised metrics are explained in detail with visual examples. A

comparison between two independently created reference maps over the same area highlights the sub-

jectivity in delineation, as re�ected by the moderate values of the supervised metrics. We also analyze

the complexity of the reference maps with respect to stock variables such as tree volume and biophysical

characteristics such as the Canopy Height Model (CHM) and Normalized Di�erence Vegetation Index

(NDVI). The explained variance in the variables by the delineations illustrates the di�culty in delineation

of various landscapes. It is to be noted that the metrics show that none of the reference stand maps are

particularly focused on maximizing the homogeneity of stock variables.
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We then present a work�ow within ArcGIS Pro to quickly generate stand maps over three or single

band rasters which prioritizes homogeneity of a given property. The work�ow is relatively �exible in terms

of managing the homogeneity versus size of stands. We present our results over the three study areas and

discuss their qualities. We also provide a method of masking out riparian zones. These are very prevalent

in the Talladega National Forest and are hard for segmentation algorithms to work with.

Through our experiments and the existing literature, it is very clear that the task of stand delineation

is hard to treat completely objectively. For this reason, Chapter 5 introduces an alternative method of

approaching the problem, one which requires greater involvement from the end user. In this approach, an

initial microstand map is generated which provides the end user with a guideline for creating a collection

of stands. This reduces the e�ort needed to draw precise polygons. The stands that the user creates then

serve as training samples for a Random Forest model to learn how to formrealstands from the microstand

map. Chapter 5 presents the results of this methodology, with di�erent strategies for creating stand maps

and di�erent hyperparameters for the classi�cation model. We also compare our results with the results

obtained in the previous chapter. The model needs to be improved upon in order to generalize well

across the forest landscape. However, the microstands that ease the creation of stands perform well in

comparison to creating stands on a blank canvas. By iteratively and appropriately using the microstand

merging and random forest merging steps, the process of stand delineation can be improved and made

easier.
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Chapter 2

Background and Related

Li terature

The process of large-scale automatedstanddelineation requires detailed remote sensing data and the utiliza-

tion of AI techniques involving approximation, optimization and segmentation. The following sections

provide relevant conceptual background and discuss the existing research literature on this problem.

2.1 Remote Sensing and Forestry

Remote sensing plays a signi�cant role in modern forestry practices. Large-scale imagery allows highly

precise details to be used in resource assessment, monitoring and analysis. Hyperspectral images can be

used to calculate vegetation indices, image transformations that highlight certain vegetation properties

such as photosynthetic activity. One of the most commonly used indices, which has been employed in
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this thesis, is the Normalized Di�erence Vegetation Index (NDVI), which can be used to assess vegetation

health and density.

LiDAR is a remote sensing method of determining distances of objects, based on the time taken for

the LiDAR device to receive re�ected light rays transmitted by a laser on the device. For example, a ray

of light transmitted by an aerial LiDAR device will take longer to hit the ground than it will to hit the

crown of a tree. LiDAR samples an area, making multiple point-wise measurements. The result is a three

dimensional (3D) �point cloud map� of a tree or entire forest.

The LiDAR point cloud can be used to calculate several zonal statistics over an area. For example, we

can calculate the percentage of points above 2m in a 30m by 30m area. A 2D raster map with a ground

resolution of 30m can then be created, with every pixel representing the value of this statistic. The per-

centage of points above 2m (pzabove2) statistic is useful for estimating canopy density, as it separates

ground, grass and shrubbery points from the points representing a tree. The "lidR" [20] package in the

R programming language contains preprocessing tools to derive such LiDAR metrics in the form of 2D

raster maps. Examples of metrics include the maximum height (zmax), minimum height (zmin), mean

intensity (imean) and many others.

These metrics can then be used to create models of the landscape. Using the lowest points of the point

cloud, we can create a representation of the surface elevation of the earth, called the Digital Elevation

Model (DEM). The Digital Surface Model (DSM) on the other hand, represents the highest points of

the point cloud (assuming no noisy points in the data). In the example of forests, we can then naturally

conclude that the height di�erence between the DSM and the DEM would then represent the height of a

canopy. This is called the Canopy Height Model (CHM). Other metrics such as the slope of the terrain

may also be derived from the DEM.
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Forest inventory variables are key to analysis and management of forest resources. These include the

stock variables diameter at breast height (DBH), basal area, above ground biomass, tree volume, and trees

per unit area (e.g., acre). These are useful in estimating the potential of growth and value of a stand in

managed forests. Typically, measurements are manually made by forestry professionals over forest sample

plots. Lee et al. [25] discuss ways of estimating and mapping these metrics over larger areas. They use

�eld measurement data from 255 plots over the Talladega National Forest. Using regression models, an

estimation of the stock variables can be created as a combination of several LiDAR metrics. These models

can then used to impute the volume, basal area and above ground biomass over the entire forest.

2.2 Segmentation and Decision-Making Techniques

2.2.1 Mean Shift Segmentation

One of the primary segmentation techniques that was employed in this study is Mean Shift Segmentation,

as implemented in the ArcGIS Pro tool. Mean shift, in the context of clustering, can be considered as

an iterative approach to �nding the local maxima of a density function in a feature space (Fig 2.1). The

feature space typically consists of instances de�ned by the (x,y) spatial coordinates and the raster pixel

values (1 band or 3 bands in most cases).

First, a window is de�ned around every instance based on the bandwidth parameters of a kernel

function. The kernel function is used to calculate the density of the feature space. Kernel functions can

be binary, as shown in Eq. 2.1, where� is the bandwidth, i.e., the window around which all the points are

equally weighted.
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K (x) =

8
>>><

>>>:

1 if kxk � �

0 otherwise

(2.1)

A gaussian kernel function is also commonly used, where closer points are given higher weights (Eq.

2.2). The gaussian kernel is a smoother function that ensures less abrupt breaks in the segmentation.

K (x) = e� kx k2

2h 2 (2.2)

Here,h is the bandwidth parameter, which is commonly set to the standard deviation of instances in the

feature space.

For every instance, the kernel function is used to calculate the weighted mean of the pixels/instances

within the window. The instance is thenshiftedto this new mean/center of gravity. This is the mean

shift procedure and the direction and magnitude by which the instance is shifted is called the mean shift

vector. This procedure occurs simultaneously for every instance in the feature space. This process goes

on iteratively until convergence, i.e., the search window does not shift as it has reached a mode. Every

window/instance that ends up near the same mode is merged to form a cluster [3][6].

Although the inner workings of the Mean Shift Segmentation Tool in ArcGIS Pro are not published,

it is assumed that it follows a similar procedure to segment rasters, taking the (x,y) coordinates and raster

pixel values into account. Typical hyperparameters in mean shift segmentation are the spectral importance

(pixel values), spatial importance (proximity of pixels) and a minimum cluster size (merge small nearby

clusters until they reach a minimum size).
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Figure 2.1: Intuitive way of understanding the Mean Shift Procedure. Image Source: [2]

2.2.2 Random Forest Classi�ers

Random Forest [9] is a commonly used ensemble machine learning technique, based on training an

ensemble (collection) of independent decision trees that collectively vote on predicting a value during

inference. A decision tree is a machine learning model typically used for classi�cation. It is a directed

graph consisting of a single root node and one or more leaf nodes. An instance (object) to be classi�ed

enters the tree at the root node and based upon its feature values traverses a single branch of the tree. The

leaf the instance ultimately enters determines its classi�cation label.

For example, a decision tree for determining whether bank loans should be approved given credit score

and income is shown in Figure 2.2. Based on the tree, a loan for an applicant earning $50,000 and having

a credit rating of 800 would be approved.
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Figure 2.2: Example of decision tree.

Decision trees are typically created using a supervised learning method and a training set of instances.

The process is typically iterative and greedy. Starting with the root node, the tree is expanded in an attempt

to partition the training set into groups of instances having the same classi�cation label. Formally, desirable

groups at the leaves have low entropy or (equivalently) high information gain (IG) relative to their parents.

Equations for entropy and IG are shown below.

Entropy(Y) = �
CX

i =1

pi log2(pi )

IG(Y; X) = Entropy(Y) �
X

v2 Values(X )

jSv j
jSj

Entropy(Sv)
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where Y is the variable to be classi�ed into one of the classes in C.pi represents the proportion of class

i in C. Sv represents the subset of feature X where X=v and S is the entire dataset. A high information

gain indicates a reduction in entropy. Thus, the feature X which maximizes information gain is chosen

to e�ciently split the dataset into branches.

Decision trees, while having a quick inference and training time, are sensitive to outliers and can

over�t easily. Random Forests help with the over�tting problem of decision trees by creating a `forest'

of decision trees that are trained on di�erent samples of the training data. The sampling of training

instances is done through thebaggingprocess. Bagging or bootstrap aggregating, is a process where

a random sample with replacement of the training set is used to �t the decision tree. This is doneB

times (the number of trees in the random forest). At inference, voting can be binary (`yes' or `no') or

probabilistically ((number of yes)/(total samples at the leaf node of an individual tree)). Random Forest

methods contain hyperparameters such as the number of decision trees used, maximum depth of decision

trees and minimum number of samples at leaf node. These hyperparameters help avoid hyper-speci�c

inference rules. We employ the random forest algorithm in our study in human-involved delineation

process, where decision trees vote on whether a pair of microstands must be merged to form a `real' forest

stand.

2.3 Stand Delineation

Forest stand delineation has been typically approached as geographic object-based image analysis (GEO-

BIA)/image segmentation problem. The multiresolution segmentation (MRS) tool in the Trimble eCog-

nition [7], a software for geospatial analysis, has been commonly employed for this task in the existing
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literature. The tool allows stacking multiple rasters to be used as the input for segmentation. Allowing the

user to adjust the weights for chosen bands (e.g., placing greater importance on CHM over NDVI), along

with parameters like the scale, shape and compactness enables a good deal of �exibility. Most of the works

in the literature which employed eCognition base their results on trial and error with the multiresolution

segmentation parameter settings. Some of the key works that used the eCognition software are described

below.

2.3.1 eCognition and Trial & Error based works

Ke et al. [12] tried to determine the ideal parameters and input rasters for the MRS algorithm with respect

to the relative overlap metrics (discussed further) to �nd the ideal scale for segmentation. They performed

experiments over multiple sources of data, and observed that a combination of LiDAR and spectral data

yielded the best results while also providing the set of layers and hyperparameters used. The latter is not

very useful when it comes to generally adapting to the forested areas and requirements in this thesis. A

similar study was performed by Ozkan et al. [16] over a mixed forest with the same conclusions.

Sanchez-Lopez et al. [21] provided a semi-automated evaluation strategy to �nd the best raster and

parameters to be used for delineation. The95th percentile of height and stratum above 30m were found

to be the most correlated to stand height and biomass, based on existing literature. Five other rasters

were chosen, narrowed down from a set of 36 LiDAR metrics based on correlation analysis. The ideal

segmentation foreach rasterwas determinedbyexhaustivelysearching through the eCognition parameters.

The `ideal' segmentation was based on an unsupervised evaluation method. The global score, a metric

that combines weighted variance (measuring intrastand homogeneity) and the Moran's Index (measuring
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interstand heterogeneity) was used for this purpose. It is important to note that the `ideal' segmentation

for every input raster can be drastically di�erent.

The next stage of the process involved comparing the `ideal' segmentations of each of these metrics

to a `ground-truth', reference stand map. The comparison was done using overlap metrics, taking into

account the undersegmentation/oversegmentation of stands. Thus, the optimal raster (95th percentile of

height in this case) to be used as the input, based on maximizing homogeneity and likeness to reference

stands was found. This study has two main points of criticism. One being that the reference stands only

consisted of clearcuts, and so may not be adaptable to stands formed due to other reasons. Secondly, the

idea of maximizing homogeneity encourages the creation of overly segmented stand maps with tiny stands.

However, forest managers typically do not prefer very small stands due to operational reasons. Thus, there

is a need for a post-processing step to remove unnecessary borders in the generated map.

Xiong et al. [8] incorporated tree species maps into their delineation process. The process consisted of

generating a superpixelmap (a mapconsisting ofmicrostands) with the CHM and then iterativelymerging

homogeneous polygons based on certain thresholds like average height, tree proportion, dominant species,

etc. These thresholds were determined empirically and there does not seem to be a clear reasoning towards

choosing the threshold values. They obtained highly homogeneous polygons and a good overlap with the

reference polygons.

However, they also relied on hyperspectral imaging for vegetation indices, which helped create a tree

species map. They used a Support Vector Machine (SVM) to classify pixels into one of six classes. The

training details of the SVM developed are unclear, although it may be fair to assume that the testing and

training area were the same given the highly accurate results of the SVM. Importantly, the study also took
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place over a forest farm, exhibiting an easy forest condition. A highly accurate, high resolution tree species

map tends to trivialize the problem in a forest farm-like area.

2.3.2 Alternative Methods

The GEOBIA methods provided in eCognition are popular because they are fast and easy to use. Once a

delineation is created, an expert can visually assess the results and adjust parameters accordingly. This is

then followed by deeper analysis of the obtained stand map. However, there is a lack of control with the

process as the delineation is too heavily reliant on the MRS (multiresolution segmentation) algorithm.

Alternative methods of delineation are dicussed below.

Pukkala etal. [18][17][26] along withSun etal. [24] movedaway from eCognition and tested theirown

segmentation techniques, including region-growing methods, cellularautomata, self-organizing maps and

simulated annealing. The data used in their experiments included basal area, mean diameter and LiDAR

data forclose to5000plotswitha radiusof25m. Thus, with thesedatapoints, they initiallynarroweddown

LiDAR metrics to �ve which were the most correlated to the stock variables using regression methods.

Also, these metrics were then imputed over the entire area using the 3 nearest neighbor method. These

metrics were then used as an input for their chosen segmentation algorithm, followed by a smoothening

step, done via a mode �lter. The results were evaluatedbasedon the degree ofvariance of the stockvariables

that was explained by the delineation (R2). The results obtained favored smaller stands, and the authors

believe that having smaller units of management allows for more accurate calculations.

Lepannen et al. [15] compared the results of their CHM-based inputs with eCognition with their

iterative region growing algorithms based on 3-band raster consisting of heights, % vegetation and %

hardwood volume. These bands were chosen by experts with domain expertise. With their comparisons
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to manually delineated stands, they observed that LiDAR was e�ective and separating stands of di�erent

timber size and density, whereas color infrared (CIR) imagery was useful with respect to tree species

identi�cation. However, the stands generated were not large enough to be economically feasible. The

study area too, was only about a 67 ha commercial forest property.

Dechesne et al. [4] performed studies with respect to object/superpixel creation via quickshift and

SLIC (Simple Linear Iterative Clustering) segmentation. Features using high resolution imagery, vegeta-

tion indices and LiDAR metrics were calculated for each of these objects. These were then used as training

samples for a Random Forest algorithm, where each object was assigned a vegetation class based on the

French Forest Landcover Database. Thus, the entire area was then segmented into superpixel objects

which were assigned a vegetation class. To convert the superpixel map into a stand map and to deal with

noisy objects, experiments using various regularization algorithms was performed to obtain smooth stand

polygons.

Other works focused entirely on getting highly accurate superpixel or microstand maps. Caner et al.

[5] used a modi�ed SLIC algorithm, the RF-SLIC algorithm where the spectral distance was replaced by

the outputs of a random forest regressor. The spectral distance was thus replaced by what the random

forest would predict as its `distance' from a di�erent stand class. The microstands were then judged based

on boundary accuracy metrics at the pixel level with a small bu�er with respect to the reference stands.

The boundary precision, speci�city and sensitivity showed better outcomes than the microstands created

with traditional segmentation algorithms.

The thesis builds upon some of the ideas put forth by the existing literature. As with most other

papers, the thesis also evaluates stands with respect to stock variables. Keeping the original purpose of

stands, which is to maximize timber management e�ciency and revenue in mind, we evaluate stands by
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their ability to explain the variance in tree volume. Perhaps more importantly, we examine and expand

upon the prevalent idea of evaluating generated stand maps with respect to reference `ground truth` maps,

and the issues and challenges that arise by doing so. This leads us to the second, novel approach towards

stand delineation that is presented in this thesis. As the evaluation metrics by themselves do not do a very

good job at determining the e�ectiveness of stand maps, we put more control into the hands of the end

user as the stand maps are being generated. This methodology takes some ideas regarding microstand

creation and merge thresholds from the existing literature, and reimagines them through a user-centric

lens.

Recently, Vatandaslar et al. [27] performed stand delineation experiments and analysis using ArcGIS

Pro over the Talladega National Forest. Stands were created using the Mean Shift Segmentation and

Smooth Polygon tools and visual analysis of the outcomes were presented from a forest management

planning persepctive. It was noted that the results in this highly heterogeneous and complex area had low

to moderate correspondence with the maps created by human practitioners. The work presented in this

thesis expands upon this study to create more accurate stand delineation maps while reducing the time

required for analysis.
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Chapter 3

Study Areas and Datasets

3.1 Study Areas

The study was performed over three areas of varying degrees of complexity and management. The com-

plexity of an area is in�uenced by the size, topographic variation, diversity in tree species, and many other

characteristics. For instance, a forested area that has a history of being managed with planned activities

such as thinning and clearcutting is more likely to contain homogeneous patches of trees of uniform

species composition and structure (age, height, etc.).

The �rst and primary study area for this thesis is the Talladega National Forest. More speci�cally,

we examine the Talladega and Shoal Creek Ranger Districts of the Talladega National Forest, located in

the northeastern region of Alabama, USA (�g 3.1). The 93,700 ha area is mainly dominated by natural

forests. The forest is characterizedby an oak-hickory-pine system, where longleaf (Pinus palustris), loblolly

(P. taeda), shortleaf (P. echinata) pines, oaks (Quercus sp.), red maple (Acer rubrum), hickory (Carya

sp.), yellow-poplar (Liriodendron tulipifera L.) are prevalent tree species. The area has a subtropical
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