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Abstract 

This study analysed the association of natural and anthropogenic stressors with environmental changes 

detected between 2000 and 2020 in the Oil Sands Area (OSA) of northern Alberta, Canada. Building on earlier 

change detection analyses and on remote sensing imagery (classification and spectral indices), we developed 

Random Forest and Generalized Boosted models to assess the role of potential change drivers. Detected 

environmental changes occurred over a relatively small portion of the region and displayed clustered patterns 

that varied over space and time, exhibiting both positive sign (i.e., increases) and negative sign (i.e., decreases) 

across the region and throughout the time period. Anthropogenic stressors considered in the analysis included 

indicators of industrial activities, oil and gas extraction, and urban land use, while wildfire, forest damage, and 

precipitation differences were considered natural stressors. Model results showed that environmental changes 

in the region were associated with varying combinations of natural and anthropogenic stressors, with a general 

prevalence of anthropogenic stressors during the 2000-2010 interval. Within the project scope, analyses were 

conducted at relatively coarse analytical scales, both spatially and temporally. Despite limitations in scale, 

data availability, and modelling approach, this analysis constitutes a valuable tool to understand environmental 

change in this area, and our results provide valuable information for monitoring and managing environmental 

changes in the OSA. Furthermore, those analyses would be easy to replicate for other regions where 

environmental changes occurred due to different stressors. 
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1. Introduction 

Environmental changes, also referred to as 

disturbances, can be associated with natural or 

anthropogenic events, which are categorized as 

pulses or presses, based on their intensity and 

duration [1] and [2]. Examples of sudden short-term 

events, or pulse disturbances [1] and [3] include 

major floods [4], rapid snowmelt events [5], 

hurricanes [6], insect outbreaks [7], or wildfires [8]. 

Examples of long-term or press disturbances, which 

permanently alter conditions [9], include land use 

changes, encompassing road development, 

infrastructure, urban development, timber harvesting, 

or industrial activities. It may not be possible to 

associate disturbances with specific categories or to 

accurately identify event types; however, measuring 

and classifying the physical landscape at certain 

spatial and temporal scales is helpful not only in 

identifying and categorizing disturbances [10], but 

also in assessing ecosystem functions, structure, and 

processes [11]. The complexity of environmental 

changes and their related disturbances cannot be 

tackled from a single perspective; hence, each study 

provides only a partial contribution to its 

understanding [12]. Our study area (Figure 1) 

encompasses the Oil Sands Area (OSA) of northern 

Alberta: a vast and heterogeneous region, well known 

within Canada and internationally for its bituminous 

sands, and the related oil and gas extraction activities. 

In recent years, the OSA has experienced significant 

environmental changes, ranging from the physical 

landscape to population dynamics, air quality, and 

climate change [13][14][15][16][17][18] and [19].  
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Environmental planning and policies for such a 

complex and dynamic region require the support not 

only of a comprehensive analysis of environmental 

changes, but also of their association with natural and 

anthropogenic disturbances and an evaluation of their 

mutual relationships [20]. 

The intent of this research is to identify and model 

potential drivers of the environmental changes that 

took place in the OSA over the two decades spanning 

2000-2020. Previous analyses [21] assessed 

environmental changes in the OSA through the 

examination of landscape metrics and spectral 

indices over the 2000-2020 period [16][18] and [19]. 

Those analyses indicated that the prevailing 

vegetation cover, linked to the Forest class and 

greenness index, experienced the most significant 

change across the region and over the period, 

knowing that the boreal forest covers a substantial 

part of the OSA. Environmental changes associated 

with anthropogenic stressors such as agriculture, oil 

and gas extraction or forestry, can take various forms 

over time, due to both development and reclamation 

policies implemented by different industries; 

therefore, it can result in negative observed changes 

(in the mathematical sense of the term, i.e., 

decreases) as well as positive ones (i.e., increases). 

Further, industrial activity can exhibit varying 

associations with urban changes. During the study 

period, the OSA also experienced substantial change 

associated with natural stressors, including forest 

fires and climatic variability [13][14][15][16][17] 

[18] and [19]. 

Modelling these processes would aid their 

monitoring and management; however, their range 

and the complexity of their spatial, temporal, and 

spatio-temporal interactions make it difficult to 

model them with traditional statistical analytical 

methods. As these phenomena can only be known at 

discrete spatial and temporal samples, their statistical 

distribution is not entirely known. Furthermore, 

statistical distribution and correlations tend to vary 

across spatial and temporal scales, potentially biasing 

traditional statistical methods [22]. For these reasons, 

the current study employed Random Forest models, 

which was also the preferred choice of the project 

funder (i.e., at the time of inception, Alberta 

Environment and Parks–Oil Sands Monitoring 

Program). Indeed, Random Forest models [23] 

outperformed corresponding logistic regression 

models with parallel specification, identical data and 

virtually the same predictors [24]. Further, boosted 

regression tree models, primarily Generalized 

Boosted Models (GBM) [25] were computed.  

This study considers the 2000-2020 period, 

subdivided into four 5-year intervals within, i.e., 

time-steps: 2000-2005, 2005-2010, 2010-2015, and 

2015-2020. Building on our previous detection of 

environmental changes [21], the present analysis 

focused on portions of the OSA where changes were 

detected over each time-step. A pool of candidate 

variables was identified to represent a range of 

natural and anthropogenic stressors associated with 

positive and negative environmental changes in the 

OSA, i.e., the gain or loss of forest, built-up, and 

agricultural zones, as well as greenness, as an 

indicator of vegetation health, and bareness, as an 

indicator of bare lands such as built-up or burned 

areas. These variables were included in Random 

Forest and boosted regression tree models over each 

time-step, testing different model specifications. This 

analysis helps associate each change with both 

natural and anthropogenic stressors and identify 

stressors more likely associated with each change. 

 

2. Study Area 

Our study area (Figure 1) is the Oil Sands Area 

(OSA) within northern Alberta, which encompasses 

more than 20% of the entire province with a total area 

of 142,200 km2 (i.e., an area approximately as large 

as Nepal, and half the size of Italy). The OSA has 

experienced significant environmental changes over 

several decades, associated with both natural and 

anthropogenic disturbances. This complex and 

heterogeneous area is home to diverse flora and 

fauna, to urban areas, and to a variety of settlements, 

including First Nations and Métis communities. 

Economic activities are not limited to oil and gas 

extraction, but encompass timber harvesting, 

livestock, and agriculture, as well as transportation, 

retail, and other urban and local functions. Located in 

northern Alberta, the area is characterized by relative 

isolation and exposed to a cold climate, which has 

experienced major changes and extreme events in 

recent years. Specifically, wildfires have grown in 

frequency and intensity, with the most notable events 

the 2011 Richardson fire and the 2016 Fort 

McMurray fire, which was one of the largest and 

most costly natural disasters in Canadian history [26].  

While considering the entire spatial extent and all 

the time-steps, the analysis focuses on areas and 

periods where environmental changes were 

observed. Figure 2 (produced with [27] in R [28]) 

shows an example of temporal detected changes on 

the Greenness index defined in section 4.1. 

 

3. Data 

3.1 Spatial Units of Analysis: HUC Watersheds 

The units of analysis, stipulated by the funder, are the 

Hydrologic Unit Code (HUC) units provided by 

Alberta Environment and Parks.
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HUC units are a series of nested drainage basin 

feature classes forming five hierarchical levels (2, 4, 

6, 8, and 10, where 2 is the coarsest scale and 10 is 

the finest) [29]. In total, the study area holds 658 

HUC10 units, each one covering 216 km2 on average 

(Figure 1). 

 

3.2 Response Variables: Percentage of Landscape  

     (Landscape Metric) 

Five separate Land Use/Land Cover (LULC) maps 

were created at 30 m resolution for 2000, 2005, 2010, 

2015, and 2020 [21]. A Random Forest (RF) 

classifier developed on the 2010 Landsat composites 

was applied to the other 4 composites; those 

composites were generated from orthorectified at-

surface reflectance and harmonized [30] Landsat 

images collected at 30 m resolution for the May-

September period of each year of interest. LULC 

maps should include 9 classes (“barren”, “built-up”, 

“agriculture”, “water”, “broadleaf/deciduous forest”, 

“needleleaf/coniferous forest”, “mixed forest”, 

“treed wetland”, and “vegetated open 

upland/wetland”); however, due to computing 

constraints, the two categories “barren” and “built-

up” were aggregated into a single class named Built-

Up and the three forested categories into a single 

class named Forest (Figure 1). The class “water” and 

the two “wetland” classes had to be excluded from 

modelling because of the high rate of 

misclassification: identifying different types of 

wetlands would require a specific algorithm aimed at 

detecting wetlands, and as no ground truth was 

available for the entire OSA, it was difficult to assess 

classification accuracy [31]and [32]. For each of 

these three classes, the “percentage of landscape” 

was calculated as the portion of each HUC10 polygon 

occupied by each class using ESRI ArcGIS Pro v2.8 

(Esri Inc., Redlands, CA). The “raster to polygons” 

tool was applied to the classified images, followed by 

a “tabulate intersection” between the output land 

cover polygons and the HUC10 polygons to calculate 

the percentage of the class coverage within the nine 

polygons for 2000, 2005, 2010, 2015, and 2020; 

finally, the 5-year differences were calculated for 

each class and time-step at the HUC10 level. 

 

 
 

Figure 1: Oil sands area of northern Alberta, Canada 
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3.3 Response Variables: Change Detected on  

     Spectral Indices 

For each input year, five different indices were 

calculated from Landsat composites, and their 

median was computed over each HUC10 polygon. 

The indices selected for this study include the 

Normalised Difference Vegetation Index (Equation 

1), the Modified Soil-Adjusted Vegetation Index 

(Equation 2) to minimize the effect of bare soil where 

there is low vegetation, the greenness component 

from a Tasselled Cap transformation (TCgreen) [33], 

the Normalised Burn Ratio (Equation 3) to identify 

burnt areas and their severity, and the Normalised 

Difference Built-up Index (Equation 4) [34] and [35]. 
 

NIR - Red
NDVI =

NIR+ Red
 

Equation 1 

( ) ( )
2

2NIR+1+ 2NIR+1 - 8 NIR - Red
MSAVI =

2
 

Equation 2 

2

2

NIR - SWIR
NBR =

NIR+ SWIR
 

Equation 3 

1

1

SWIR NIR
NDBI =

SWIR NIR

−

+
 

Equation 4 
 

For each index and time-step, the difference in zonal 

median between its end-year and start-year (e.g., 

2005 minus 2000) was computed over each HUC10 

polygon. 
 

3.4 Predictor Variables: Wildfire 

Shapefiles containing the boundaries of wildfires that 

occurred in the area between 1995 and 2020 were 

acquired from Alberta Agriculture and Forestry [36]. 

The proportion of burned areas and of partially 

burned areas within each HUC10 polygon was 

calculated and summed for the end-year of each time-

step, based on the presence of wildfires over the five 

years up to and including each target year.  
 

3.5 Predictor Variables: Forest Damage 

Forest damage (FD) due to pests, such as Mountain 

Pine Beetle (Dendroctonus ponderosae) or Spruce 

Budworm (Choristoneura) [37], and abiotic agents, 

such as hail or flood, were acquired from the Aerial 

Overview Surveys for the 1998-2010 and 2011-2020 

periods from the Government of Alberta Forest 

Health Conditions data [38]. For each time-step end-

year, the sum of the Severity attributes (i.e., little, 

moderate, and severe) was calculated for each 

HUC10 polygon showing forest disturbances, along 

with the percentage of Forest Damage within those 

polygons.  

 

3.6 Predictor Variables: Precipitation Differences 

GeoPDF figures (see extracts in Online Resource 

Figure S1) having annual precipitation 

accumulations relative to long-term normal 

precipitation across Alberta were acquired from 

Alberta Agriculture and Forestry for 2000, 2005, 

2010, 2015, and 2020 [39]. Precipitation 

accumulations were divided into 11 categories, 

ranging from wettest to driest, depending on their 

frequency of occurrence compared to the historical 

weather data for 1961-2020. The GeoPDFs were 

transformed into raster datasets and then cleaned (ex. 

Removing place names) using GIMP [40] and a 

GIMP plug-in: Resynthesizer v1.0-i686 (GitHub–

bootchk/resynthesizer: Suite of gimp plugins for 

texture synthesis) (see example in Online Resource 

Figure S2). Those 11 categories were aggregated into 

five final groupings: (1) wettest (i.e., the single 

category including the most extreme wet instances); 

(2) wet (i.e., the sum of 3 categories ranging from 

extremely high to high precipitation); (3) normal 

precipitation (i.e., the sum of 3 categories ranging 

from moderately high to moderately low 

precipitation); (4) dry (i.e., the sum of 3 categories 

ranging from low to extremely low precipitation), 

and (5) driest (i.e., the single category including the 

most extreme dry instances). For each HUC10 

polygon, first the percentage area covered by each 

grouping was calculated for each year, then the 

difference was calculated for each time-step. The 

latter differences are referred to as dwettest to ddriest 

(i.e., difference from each of the above final 

categories, e.g., dwettest = (wettest2010-wettest2005)). 

 

3.7 Predictor Variables: Disturbed Land 

Disturbed land shapefiles were acquired from the 

Government of Alberta Oil Sands Information Portal 

[41] for the years 1998 (used in place of 2000, which 

was not available), 2007 (in place of 2005, likewise), 

2010, 2015, and 2020. The proportion of each of 

three land cover categories (Cleared, Disturbed, and 

Reclaimed) was calculated for each HUC10 polygon. 

As the sample size for each category would be too 

small for statistical modelling, the three classes were 

aggregated within each polygon and the difference 

for each time-step was calculated. 

 

3.8 Predictor Variables: Oil and Gas Activities 

Oil and gas activities data were acquired from several 

publicly available datasets obtained from the Alberta 

Energy Regulator (AER) including AER ST 37 list, 

ST102 Facility list, and Enhanced Pipeline files.
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AER ST 37 is a monthly data product in shapefile 

format that holds information about all wells reported 

to the AER from which the surface hole well 

information was extracted [42]. ST102 is a complete 

list of facilities in Alberta that have a Petrinex 

Facility ID and have reported volumetric activity to 

the AER; it is available in shapefile format and is 

updated monthly [43]. The enhanced Pipeline dataset 

includes non-confidential data reported to the AER 

and is updated daily; it excludes low pressure 

distribution lines [44]. Upon inspection of the data, 

the Facility data in ST102 was disregarded from the 

study as data were only readily available after 2016. 

The Wells and Pipeline data were extracted by 

temporal groupings to capture changes for each of the 

four time-steps within the HUC10 polygons, 

resulting in separate Wells and Pipeline activity 

predictors.  

 

4. Methods  

4.1 Data Preparation 

For the spectral indices outlined in section 3.3 and the 

percentage of landscape classes described in section 

3.2, contiguous areas of significant change [21] were 

identified through a Getis-Ord Gi* hotspot analysis 

[45] with ESRI ArcGIS Pro v2.8. This analysis yields 

significant spatial clusters of features with high 

(hotspots) or low (cold spots) values, at confidence 

levels of 90%, 95% and 99% over a contiguous area. 

The hotspot analysis results for the spectral indices 

were then aggregated by summing their Gi-bin values 

(data classified into bins ranging from -3 (Cold Spot 

– 99% Confidence) to +3 (Hot Spot–99% 

Confidence), with 0 being non-significant) into two 

broad indicators of changes: a Greenness index, 

combining results from NDVI, MSAVI, and 

TCgreen, and a Bareness index, combining results 

from NBR and NDBI. Finally, binary variables were 

created where the Gi-bin values ≠ 0 corresponded to 

detected changes and Gi-bin values =0 to the no 

detected changes (see Figure 2 for an example for the 

Greenness index). These binary variables represented 

presence versus absence of significant environmental 

change at the HUC level 10 over the Oil Sands Area 

for the 4 time-steps of interest. Those binary 

variables were the response variables in all the 

multivariate models. 

 

4.2 Modelling: Random Forest Models 

A hierarchical zonal analysis of different spectral 

indices and selected landscape metric (percentage of 

landscape) was performed to examine the OSA based 

upon the HUC polygons. Random Forest (RF) 

models [23] were calculated in Python v2023.10.1 

using the sklearn.ensemble [46] with the RF 

Classifier algorithm (sklearn.ensemble.RandomFore 

stClassifier) for the Percent of Landscape Change 

Hotspot Outputs, and in R [28] using the “biomod2” 

package [47] for the Index Hotspot Outputs. RF 

models use multiple independent decision trees to 

predict an outcome with the response variable (i.e., 

environmental changes) and feature parameters 

standing for hypothesized influencing conditions 

(i.e., predictors described in sections 3.4-3.8). 

Ensemble RF models, which were used in this 

project, use sub-samples of the dataset to improve 

prediction accuracy and reduce over-fitting. As a 

result, individual data points may be used more than 

once in the model. Owing to the binary response 

variable, classification (i.e., not regression) RF 

models were computed.  

 

4.2.1 Modelling: generalized boosted models 

Generalized Boosted Models (GBM) were also 

computed for the Index Hotspot Outputs described in 

sections 4.1 within R [28] using the “biomod2” 

package [47]. This popular machine learning 

algorithm builds an ensemble of weak successive 

decision trees that learn and improve from previous 

ones, thus sequentially reducing errors and creating a 

very highly accurate prediction model [25]. This 

approach is unlike that of the Random Forest model, 

which builds many independent decision trees and 

then aggregates them into one; for this reason, the 

GBM was computed as a comparison with the 

Random Forest model. 
 

 
Figure 2: Detection of changes in the greenness index: 

(a) 2000-2005, (b) 2005-2010, (c) 2010-2015, (d) 2015-2020 
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4.2.2 Model tuning and assessment 

Tuning of RF and GBM models was implemented 

automatically, and results are presented in Tables S3 

and S4. To assess RF classification models and 

evaluate their accuracy, the data were first split into 

training (70-75%) and test (25-30%) datasets. ROC 

(Relative Operating Characteristic) AUC [48] and 

Cohen’s kappa [49] were calculated for the pairs of 

RF and GBM models computed on the Greenness and 

Bareness indices. The kappa assesses the model’s 

ability to discriminate the binary classes. Further, the 

F1 scores [48] were calculated for the RF models 

computed on landscape classes. The evaluation 

metrics were performed via a 5-fold Cross-Validation 

(CV 5-fold) on the testing sets and the average 

metrics are reported. By combining training and CV 

5-fold on testing, “better” models are easier to name 

[50] and [51]. 

 

5. Results 

The results of the RF and GBM models on spectral 

indices are presented in Tables 1 and S1, and those of 

the RF models on percentages of land cover change 

in Tables 3, 4, and S2. A synopsis of all RF models 

is presented in Figure 3, which portrays, for each 

time-step, the relative percentage of variables of 

importance for each model in the outer circle, where 

the brown shades stand for individual anthropogenic 

stressors, while the yellow-green and blue shades 

stand for natural ones; in the inner circle shows the 

relative contribution of natural (dark green) versus 

anthropogenic (grey) stressors.  

5.1 RF and GBM on Index 

The RF and GBM models yielded consistent sets of 

variables of importance, with only minor differences 

in rank ordering and/or percentage explained for all 

the time-steps, and with RF ascribing lower 

percentages to each variable (Table 1). Values 

highlighted in orange in the table show the most 

important predictors: the darker the colour, the higher 

their importance in that model. Models were created 

using the R package “biomod2” [47]. Among the 

variables of importance, both natural and 

anthropogenic stressors yielded major contributions 

during the first decade, while in the second decade 

the contribution of anthropogenic stressors was 

marginal (Figure 3). 

The overall contribution of natural stressors for 

2000-2005 was 59% (RF) and 64% (GBM), while 

that of anthropogenic stressors was 36% (RF) and 

48% (GBM). For 2005-2010, the overall contribution 

of natural stressors was 45% (RF) and 43% (GBM), 

while that of anthropogenic stressors was 50% (RF) 

and 26% (GBM). In both time-steps, natural 

variables of importance included wildfires (the 

largest contributor in 2000-2005, followed by 

difference in dryness), and forest damage (the largest 

contributor in 2005-2010); among anthropogenic 

variables, the contribution of disturbed land was the 

largest in 2000-2005 (21%), but decreased in 2005-

2010, replaced by well (22%) and pipeline (16%) 

activity.  

 

Table 1: Exploration of variable importances in greenness index using  

Random Forest and Generalized Boosted Models 
 

 RF variables of importance (%)   GBM variables of importance (%) 

 2000-

2005 

2005-

2010 

2010-

2015 

2015-

2020 
 2000-

2005 

2005-

2010 

2010-

2015 

2015-

2020 

Wildfire 36.50 7.40 8.10 3.20  37.50 4.00 9.80 - 

Forest damage 1.00 15.60 1.20 8.40  - 18.00 0.70 2.60 

dwettest 0.70 - 9.00 18.60  - - 4.70 15.20 

dwet 4.80 1.60 7.90 33.00  7.10 0.40 9.40 65.00 

dnormal 3.60 6.00 28.40 4.40  2.90 6.10 49.80 3.80 

ddry 12.20 6.90 7.00 3.80  16.90 10.60 3.40 0.10 

ddriest - 7.80 0.50 1.90  - 4.30 0.90 - 

Wells activity 4.20 21.80 4.30 3.70  2.80 11.60 4.00 1.20 

Pipeline 

activity 
10.20 16.30 2.80 2.10  18.30 4.70 1.90 0.60 

Disturbed land 21.20 11.70 - 0.20  27.00 9.60 - - 
          

on testing* 14 (150) 20 (143) 36 (128) 50 (114)   14 (150) 20 (143) 36 (128) 50 (114) 

kappa 0.24 0.34 0.60 0.64  0.34 0.29 0.55 0.59 

ROC AUC 0.74 0.78 0.92 0.89   0.74 0.81 0.92 0.89 
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For 2010-2015 and 2015-2020, according to both 

models, variables of importance consisted almost 

only of natural stressors; in 2010-2015 they included 

precipitation differences (i.e., from normal, with 28% 

and from wettest) and wildfire, while in 2015-2020 

they included precipitation differences (i.e., from 

wet, with 33%, and from wettest with 19%) and 

forest damage. The ROC AUC for the RF models 

ranged between 0.74 and 0.92 on the testing set, 

indicating a good model performance in 

discriminating the binary classes, despite a low 

portion of change versus no change. The kappa 

ranged between 0.24 and 0.64 on testing. The portion 

of non-null values ranged between 14% and 18% in 

the first two time-steps, and between 28% and 44% 

in the last two. Lower kappa values reflect the 

imbalance between classes and the models’ tendency 

to classify more accurately the polygons 

experiencing no changes. The GBM model showed 

similar values throughout the time-steps and sets. The 

number of non-null values in the testing set for the 

bareness index was negligible, i.e., 3%, 1.5%, 6%, 

and 2.5%. Owing to this disproportion, the model 

was deemed not meaningful, and its results are 

reported in Online Resource Table S1. 

 

5.2 Random Forest Models on Landscape Metric 

(Percentage of Landscape) 

GBM models yielded results that were mostly 

consistent with RF. For this reason, along with the 

recommendation of the project funder, only RF 

models are discussed below. Input parameters vary 

across models, as predictors were selected based on 

theoretical reasoning and depend on the class under 

examination. 

 

 

5.2.1 Forest 

The forest percentage of landscape is not only the 

largest landscape class within the OSA, 

encompassing between 39 and 47% of the study area, 

but it also showed the greatest changes during the 

study period [21]. In the RF models (Table 2), the 

contribution of anthropogenic stressors was 45% in 

2000-2005, peaked in 2005-2010 (50%), decreased 

moderately in 2010-2015 (42%), and more 

drastically in 2015-2020 (35%). In Table 2 the values 

highlighted in orange show the most important 

predictors, where the darker the colour, the higher the 

importance it has in that model. A corresponding 

inverse trend was seen for natural stressors, with 

contributions of 56% in 2000-2005, 47% in 2005-

2010, 58% in 2010-2015, and 65% in 2015-2020. For 

the first three time-steps, top-ranking variables were 

anthropogenic, with pipeline activity as the top 

variable of importance, contributing 22-26%, and 

well activity as the second or third variable of 

importance, contributing 16-20% (Figure 3). Among 

the natural stressors, forest damage consistently 

ranked in the top three predictors, peaking in 2005-

2010 (21%), and ranking as top contributor in 2015-

2020 (18%). Wildfires ranked second (except in the 

last time-step), though with modest and overall 

decreasing contributions (14%, 12%, 6%, and 8%). 

Period over period, the precipitation variables 

fluctuate in importance. Difference from normal was 

generally the highest in all periods except for 2005-

2010 where it ranked near the bottom. Difference in 

wet and wettest alternate importance over the time 

periods except in 2015-2020 when both are equal 

contributors, and the difference in normal, wet, and 

wettest have a cumulative impact of 35% on the 

model.  

 

Table 2: Exploration of variable importances in Forest class using Random Forest 
 

 2000-2005 2005-2010 2010-2015 2015-2020 

Wildfire 13.70 11.70 5.70 8.20 

Forest Damage 13.40 20.80 14.80 18.30 

dwettest 0.10 0.50 9.30 11.10 

dwet 10.30 8.40 2.90 10.50 

dnormal 9.10 4.50 13.40 13.40 

ddry 8.90 0.50 7.90 3.30 

ddriest 0.00 0.00 3.60 0 

Wells activity 16.50 20.30 17.60 13.80 

Pipeline activity 26.00 23.60 22.00 13.50 

Disturbed land 2.00 5.90 2.70 7.90 
     

on testing* 68 (141) 72 (137) 64 (144) 79 (124)   

Mean ROC AUC 0.73 0.73 0.75 0.66 

kappa 0.33 0.32 0.24 0.26 

F1 on changed 0.50 0.53 0.38 0.41 

F1 on no changed 0.82 0.79 0.83 0.79 
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The influence of difference from dry is low at 1-9% 

and difference from driest is miniscule at 4% or null 

(Figure 3). The models’ performance was consistent 

throughout the period, with ROC AUC scores 

between 0.66 and 0.75 for the testing set, while kappa 

ranged from 0.24 to 0.33, owing to the imbalanced 

classes. F1 suggests that the models performed better 

for null values, as F1 on no changes scored 

consistently around 0.8 while on changed units, it 

ranged from 0.38 to 0.53. The models for the 2 first 

time-steps performed better. 

 

5.2.2 Agriculture 

According to the RF model (Table 3), natural 

stressors contributed slightly more (i.e., 52% to 65%) 

than anthropogenic (i.e., 35% to 48%). Like in 

previous models, anthropogenic exerted greater 

importance in the 2000-2015 interval, though, unlike 

in greenness and forest models, their contribution in 

2005-2010 was lower than over its contiguous time-

steps. The largest difference between natural and 

anthropogenic stressors was in 2015-2020, with 65% 

(natural) versus 35% (anthropogenic). 

Notwithstanding overall contributions, top-ranking 

variables were mostly anthropogenic throughout the 

period.  

Among variable of importance, pipeline activity 

consistently ranked first, apart from 2005-2010, 

when it was outranked by wildfire (29%); its 2015-

2020 contribution was a modest 17%, compared to 

the previous 22%, 21%, and 26%. This predictor was 

closely followed by well activities, only outranked by 

forest damage (17%) in 2005-2010, and by wildfire 

(14%) in 2015-2020. Among natural stressors, forest 

damage contributed 16% - 17% between 2000 and 

2015, decreasing to 10% in 2015-2020. Further to the 

29% peak in 2005-2010, wildfire yielded modest 

contributions (6% in 2000-2005, and 8% in 2010-15), 

and a larger 14% in 2015-2020. Difference in normal 

precipitation contributed 6% to 8% in the first half of 

the period, and 11% to 13% in the second half. 

Difference in dry was the third-ranking contributor in 

2000-2005, with 17%, followed by 6%, 8%, and 4%, 

in the next time-steps. Difference in extreme dry 

yielded null contribution throughout. Difference in 

wet contributed 7% in 2000-2005, 2% in 2005-2015, 

and 12% in 2015-2020. Difference in extreme wet 

contributed 6% in 2010-2015 and 12% in 2015-2020 

(Figure 3). ROC AUC scored between 0.66 and 0.80 

for the testing set while kappa ranged from 0.11 to 

0.22. F1 suggests that the models performed better 

for null values, as F1 on no change scored 

consistently around 0.8 while on changed, it ranged 

from 0.23 to 0.32. 

 

5.2.3 Built-up 

For these models, the predictor pool encompassed 

only one natural stressor, i.e., wildfire, in addition to 

the three anthropogenic stressors. With very low 

portions of non-null values (i.e., 14%, 8.3%, 10,2%, 

and 8.9%), models predicted null values, rather than 

change; hence, they were deemed invalid, and their 

results are presented in Online Resource Table S2. 

 

6. Discussion 

6.1 Natural versus Anthropogenic Predictors; 

Spatial and overall Trends 

Owing to constraints in data availability and funder’s 

stipulations, the association of environmental 

changes with natural versus anthropogenic stressors 

was explored through a smaller set of predictors than 

what may adequately representing the range of 

phenomena affecting the OSA over two decades. 

 
 

Table 3: Exploration of variable importances in Agriculture class using Random Forest 
 

 2000-2005 2005-2010 2010-2015 2015-2020 

Wildfire 5.70 28.70 7.80 14.30 

Forest Damage 11.30 16.60 17.10 10.40 

dwettest 0.00 0.70 6.30 12.00 

dwet 6.50 2.00 1.90 12.10 

dnormal 7.70 5.60 11.10 12.70 

ddry 18.10 5.60 8.10 3.60 

ddriest 0 0 0 0 

Wells activity 22.58 13.80 18.60 9.70 

Pipeline activity 25.28 21.20 26.00 16.70 

Disturbed land 2.80 5.80 3.10 8.40 
     

on testing* 58 (149) 75 (132) 61 (146) 68 (139) 

Mean ROC AUC 0.80 0.72 0.68 0.66 

kappa 0.15 0.18 0.11 0.22 

F1 on changed 0.23 0.32 0.23 0.31 

F1 on no changed 0.84 0.79 0.82 0.83 
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Anthropogenic stressors were represented by 

indicators of industrial development (specific to oil 

and gas extraction), directly resulting from 

purposeful human action. However, stressors 

classified as natural may embed anthropogenic 

disturbances, as wildfires and forest damage may be, 

partially, unintended consequences of human action, 

and precipitation amounts may vary in relationship 

with climate change. The relative contribution of 

predictors and stressors across models and time is 

summarized through pie charts in Figure 3.  

 

 
Figure 3: Relative contribution of anthropogenic and natural stressors to detected environmental  

changes through Random Forest models 
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Despite differences across models, the charts suggest 

that the significant role of anthropogenic stressors in 

2000-2005 expanded through 2005-2015 and 

declined in 2015-2020. Pipeline activity was 

generally the largest of these contributors, followed 

by well activity; however, the increased importance 

of disturbed land in 2015-2020 may prelude to future 

well and pipeline expansion (i.e. negative changes in 

greenness or Forest) or land reclamation (i.e. positive 

changes). The effect of drought conditions in the 

early periods [52] are shown by the combined 

importance of wildfire and differences in dry, while 

wet conditions are growing in importance in the latest 

periods. The importance of forest damage exhibits an 

increasing trend. 

Environmental changes (positive and negative) 

occurred within existing land uses, which lie in 

distinct areas, within the vast extent of the OSA: 

while forest covers between 39 and 47% the study 

area, agriculture occurs primarily in the south-west 

and south-east, and built-up areas in local clusters. 

Hence, for example, precipitation amounts may 

exhibit spatial variations large enough to impact 

landscape classes differently, compounding with 

local stressors. The increased importance of natural 

stressors in 2010-2020 may result not only from the 

decreased importance of anthropogenic stressors, but 

also from increased frequency and intensity of 

extreme events, consistent with climate change. All 

the analyzed anthropogenic stressors constitute long-

term disturbances, while those considered natural 

include both short-term and long-term disturbances. 

These stressors, which may embed anthropogenic 

sources, exert their impact, chronologically, after the 

long-term anthropogenic disturbances, potentially 

compounding with them. 
 

6.2 Forest, Agriculture, and Greenness 

During the study period, the forested portion of the 

OSA fluctuated in size by about 12,000 Km2, with 

both negative changes (i.e., decreases) and positive 

changes (i.e., increases) occurring in varying 

clustered patterns [21]. Up to 50% (2005-2010) of the 

combined changes were associated with 

anthropogenic stressors, including up to 26% with 

pipeline activity and up to 20% with well activity. 

Wildfire, drought, and forest damage, i.e., the next 

contributors, may relate indirectly to anthropogenic 

stressors, e.g., via fragmentation, or climate change. 

Agricultural land, on a smaller area, experienced 

modest changes [21], associated with anthropogenic 

stressors in the first three time-steps (up to 51% in 

2000-2005), with the largest contributions by 

pipeline and well activities. Wildfire was a major 

contributor in 2005-2010 (consistent with forest), and 

in 2015-2020, the latter in combination with 

differences in both dryness and wetness. Forest 

damage contributed mostly in 2005-2015, i.e., a 

period of minor changes. Like in the forest models, 

the importance of anthropogenic stressors declined 

overall in 2015-2020, despite a remarkable increase 

of disturbed land.  

The changes detected in greenness exhibit 

dichotomous associations in 2000-2010 versus 2010-

2020. The contribution of anthropogenic stressors 

rose from 36% in 2005-2010 to 50% in 2005-2010, 

declining to 7% and 6% in the last periods. The 2005-

2010 increase is primarily linked to wells activity, 

i.e., 4% to 22% (versus 10% - 16% for pipeline 

activity and 21% to 12% for disturbed land). Among 

the natural stressors, differences in precipitation 

yielded the largest contributions, i.e., dnormal (28%) 

in 2010-2015, while in 2015-2020 differences in wet 

(33%) and wettest (19%) contributed jointly more 

than 50%; over that period, the latter stressors were 

also important in forest and agriculture models. 

In summary: larger changes in forest and 

greenness in the early periods were mostly associated 

with anthropogenic stressors (mainly wells and 

pipeline activities), along with wildfire and drought, 

while lesser changes in the latest periods were mainly 

associated with precipitation and other natural 

stressors. These results are consistent with the recent 

history of the OSA, which underwent a phase of 

expansion in extraction activities, accompanied by 

infrastructure development, in the 2000-2010 period 

[53]. These activities declined following the 2008 

global recession and the decline in oil prices [54] and 

[55]. Changes in greenness and forest over 2010-

2020 may be partly associated not only with stalling 

industrial development, but also with reclamations 

mitigating the industry’s impact. In 2000-2010 

natural stressors, i.e., wildfires, drought, and pests, 

also contributed to the decline in forest and green 

areas, likely compounding with anthropogenic 

stressors. Conversely, increased precipitation in 

2010-2020 may have contributed to positive changes, 

i.e., forest and green area regeneration, strengthening 

purposeful anthropogenic action, aided by relatively 

lower forest damage. Consistent trends affected 

agriculture, despite overall lower changes, possibly 

related to greater accessibility of agricultural land; 

further, the impact of varying precipitation amounts 

and pests may have been mitigated by standard 

interventions, e.g., irrigation and pesticides. 
 

6.3 Built-Up and Barren and Bareness 

Built-up areas mostly hold urban and industrial land 

use, while barren includes diverse extents of barren 

rock and soil, areas cleared for future industrial or 

commercial use, and areas cleared by natural events 

such as flooding or wildfire.
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Overall, these areas cover a modest extent of the OSA 

which, at the HUC10 level, displayed very few 

changes, resulting in an overwhelming proportion of 

null values, which severely affected the models. Most 

natural stressors were not pertinent in built-up 

models, and the paucity of predictors was worsened 

by the unavailability of census indicators for the 

entire study period and all the inhabited portions of 

the OSA. The only pertinent natural stressors were 

precipitation differences (for bareness and barren) 

and wildfire. The former contributed to changes in 

bareness in 2010-2020, while the latter was a 

sporadic contributor, reflecting the impact of major 

events, including the 2011 Richardson fire and the 

2016 Fort McMurray fire. Notwithstanding their 

limitations, these models yielded a message 

consistent with other models, i.e., a larger 

contribution of anthropogenic stressors in 2000-

2010, followed by their sharp decline through 2010-

2020. Also, disturbed land increased in importance, 

becoming the top-ranking predictor in 2015-2020, 

with the potential implications noted for forest and 

agriculture.  

 

6.4 Modelling Approach, Limitations, and Future 

Work 

Within the project scope, detected environmental 

changes over the entire OSA and 20-year period were 

modelled as function of hypothesized predictors by 

RF and GBM models. However, changes were 

detected on median values of HUC10 polygons; 

hence, response variables were affected by 

classification and detection uncertainty, sample size, 

and analytical scale. Additionally, aggregation level 

and analytical scale, constrained by the size of the 

study area and the scope of the work, affect all the 

variables, masking changes that may have occurred 

at finer scale. Significant clusters of changes, either 

positive or negative, were localized over small 

portions of the OSA, with most polygons showing no 

change (i.e., null value) [21]. Hence, the number of 

polygons displaying changes was exceedingly low 

compared to the sum of those with no-changes and 

changes of opposite sign. Therefore, positive and 

negative changes were combined into a single 

category representing change versus no-change. 

While this operation was necessary to improve the 

numerical balance, it makes it harder to ascribe 

associations to positive or negative changes. Despite 

these limitations, according to ROC AUC and kappa, 

the greenness models achieved greater accuracy in 

2010-2020, probably due to a greater portion of non-

null values in the testing sets. Forest and agriculture 

models, with percentages of non-null values 

constantly in the 30s%, achieved consistent results, 

though with greater accuracy on no-change (F1 

scores). These results should be complemented and 

confirmed by explicitly spatial approaches, e.g., 

geographically weighted and spatially autoregressive 

models, to assess local associations with positive 

versus negative changes. Future research can 

improve the current classification and detection 

uncertainty, with high-quality classification products 

becoming available. Models would benefit from 

additional variables, representing a wider range of 

natural and anthropogenic stressors. 

Despite its limitations, this analysis yielded 

associations of change with natural versus 

anthropogenic stressors that are consistent with the 

recent history of the region; hence, it provides a 

promising predictive tool, potentially useful in 

management and policy making, to aid depict 

plausible scenarios based on recent trends. Finally, 

we wish to emphasize that this quantitative study 

necessarily forms only a partial contribution to 

capturing the complexity of the environmental 

changes that took place in a region as large as the 

OSA over two decades. The OSA is home to First 

Nations and Métis communities, to local 

communities and seasonal workers. In advocating for 

a local approach to complement our analysis 

(including finer-scale analyses over areas most 

affected by change), we also wish to communicate 

that this type of analysis can benefit by traditional 

environmental knowledge, by local expert opinion, 

and by studies of landscape change. 

 

7. Conclusion 

This paper analyzed the natural and anthropogenic 

stressors associated with environmental changes 

detected at 5-year intervals (i.e., time-steps) over a 

20-year period in the Oil Sands Area (OSA) of 

northern Alberta, Canada. Building on previous 

change detection analyses and on classified remote 

sensing imagery, it employed Random Forest (RF) 

and Generalized Boosted Regression (GBM) to 

model spectral indices, i.e., greenness and bareness, 

and landscape classes, i.e., forest, agriculture, and 

built-up and barren. Predictors included 

anthropogenic stressors, encompassing industrial and 

extraction activities, and stressors deemed natural, 

including wildfire, forest damage, and precipitation. 

Models of greenness, forest, and agriculture yielded 

more reliable results than models of bareness, built-

up and barren, as they relied on larger samples and 

greater proportions of non-null changes.  
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Despite differences across land classes and spectral 

indices, all models consistently show that 

anthropogenic variables were important contributors 

in 2000-2010, in several cases with overall 

contributions no less than 50%. Among 

anthropogenic stressors, well and pipeline activities 

were the largest contributors in the central time-steps, 

while disturbed land was more important in the initial 

and final stages, potentially preluding to further 

future developments. Of the stressors considered 

natural, wildfire and drought were important in early 

time-steps, difference in wetness was more important 

in later intervals, and forest damage was important 

throughout. Models yielded satisfactory accuracies, 

despite uncertainties in classification and change 

detection and a limited pool of predictors. As the 

OSA is a remarkably large region, both spatial and 

temporal analytical scale were relatively coarse. 

These results are consistent with the recent history of 

the OSA, yielding information that can be integrated 

into a framework for monitoring and managing 

environmental changes in this complex region.  

Environmental management and monitoring are 

important to protect and keep ecosystem integrity for 

future generations and this methodology is applicable 

to any region undergoing environmental changes at 

different scales. The use of natural and anthropogenic 

stressors in the models reflects the drivers of change 

in this model and may vary across ecosystems 

depending on what is driving the change. 
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Appendix Section 
 

 
 

Figure S1: Extract, encompassing the OSA, of the yearly precipitation accumulations compared to long term 

normal precipitation GeoPDF (AAF, 2021) for the years of interest 

 

 
Figure S2: An example of yearly precipitation accumulations compared to long term normal precipitation 

from the original GeoPDF (AAF, 2021) to the cleaned one using GIMP and the resynthesizer plug-in 
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Table S1:  Exploration of variable importance in bareness using Random Forest 
 

  RF variable of importance (%)   GBM Variables of importance (%) 

 2000- 2005 2005-    2010 2010- 2015 2015- 2020 2000-2005 2005-2010 2010-2015 2015-2020 

Wildfire  10.2  25.1  18.0  5.6    8.2  97.1  19.7  1.5  

Forest damage  4.5  3.7  3.1  8.4    0.2  -  4.0  2.4  

dwettest  -  -  4.5  35.3    -  -  1.2  83.6  

dwet  8.1  0.2  0.1  26.6    7.1  -  -  4.3  

dnormal  14.0  4.6  10.5  22.1    20.8  -  3.9  0.6  

ddry  3.2  3.8  32.6  0.1    0.5  -  67.6  -  

ddriest  -  -  1.5  -    -  -  -  -  

Wells activity  28.0  40.9  18.3  10.4    41.9  -  20.4  8.0  

Pipeline activity  19.0  31.6  3.1  4.3    24.5  -  0.3  -  

Disturbed land  1.9  1.9  0.9  0.1    2.2  -  0.3  -  
                    

on testing*  6 (191) 3 (225) 12 (185) 5 (192)           

kappa  -0.03  0.11  0.20  0.31    -0.02  0.00  0.12  0.18  

ROC  0.48  0.66  0.82  0.81    0.46  0.78  0.82  0.86  
*Number of changed (no changed) HUC polygons within OSA  

 

Table S2: Exploration of variable importance in built-Up/bare using Random Forest 
 

  2000-2005 2005-2010 2010-2015 2015-2020 

Wildfire  4.10  10.10  25.70  17.70  

Wells activity  52.00  16.10  47.90  20.10  

Pipeline activity  29.10  51.40  21.20  28.60  

Disturbed land  14.80  22.40  5.20  33.60  

     

on testing*  22 (135) 13 (144) 16 (141) 14 (143) 

Mean ROC AUC (training)  0.95  0.93  0.95  0.95  

Mean ROC AUC  0.77  0.66  0.63  0.69  

kappa  0.12  0  0  0  

F1 on changed  0.15  0  0  0  

F1 on no changed  0.92  0.96  0.95  0.95  

*Number of changed (no changed) HUC polygons within OSA  
 

Table S3 and S4 

 


