
Machine Learning and Optimization Model Development 

for Northern Community Energy Planning 
by 

Andrew MacMillan 

 

 

 

 

A thesis submitted to the Faculty of Graduate and Postdoctoral 

Affairs in partial fulfillment of the requirements for the degree of 

 

Master of Applied Science 

 

in 

 

Sustainable Energy 

 

 

 

Carleton University 

Ottawa, Ontario 

 

 

 

© 2022 

Andrew MacMillan 

 



 i 

Abstract 

Many Arctic communities are currently transitioning away from diesel-based 

electricity to renewable energy systems, a challenge which requires resource assessment of 

suitable generation technologies as well as community energy planning. While power 

estimation models are readily available for wind and solar PV, few accessible models exist 

for hydrokinetic power prediction, a river-based technology that is currently being piloted 

in Alaska. To improve hydrokinetic resource assessment, Chapter 2 in this paper develops 

a predictive model through a machine learning framework to remotely estimate stream 

velocity. A Random Forest model was found to outperform the traditional Manning 

equation approach by estimating velocity on a small dataset with a mean absolute percent 

error of 22%, a 52% improvement in prediction accuracy over the Manning equation, 

which reported a mean absolute percent error of over 46%. A more generalizable model 

that was trained on a larger dataset and included additional, novel geometric input variables 

was found to predict stream velocity with a mean absolute percent error of 24%. This model 

demonstrated advantages over existing models that either required in-situ data collection 

or were not compatible with smaller streams suitable for community-level energy planning. 

Chapter 3 in this thesis develops a new, multi-phase, mixed integer linear programming 

generation expansion planning model, to plan a comprehensive energy system for a case 

study community that meets both thermal and electricity demand through a single electric 

load profile. It was found that a renewably-powered system consisting of wind, solar, and 

battery storage units had an annualized cost of $17,849, using a 100 kW commercially 

available wind turbine. This was found to be economically superior by saving up to $3,457 

per year when compared to a system with diesel, which would cost $21,306 if fuel prices 
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were to reach the recently reported price of $14 per gallon. A further investigation into 

generator capacity lumpiness revealed that a purely renewables system with a hypothetical 

20-kW wind turbine could meet the energy needs of the community for an annualized cost 

of $13,525, a 24% decrease when compared to a system using a commercially available 

100-kW wind turbine. The recommended system met the expressed interests of the case 

study community to achieve diesel independence.  
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Preface 

This integrated thesis consists of two journal articles, both of which are being 

submitted for peer review. Should readers wish to reference materials from this thesis, the 

current thesis is required to be cited. The articles in this thesis are as follows: 

 

• Article 1: A. MacMillan, K. R. Schell, and C. Roughley, “A predictive model of 

velocity for local hydrokinetic power assessment based on remote sensing data”, 

Renewable Energy [Submitted] 

• Article 2: A. MacMillan, and K. R. Schell, “A multi-period GEP model for Arctic 

and northern communities considering both thermal and electric loads”, 

Renewable and Sustainable Energy Reviews [Submitted] 

The aforementioned articles have been adapted slightly in each corresponding chapter 

for ease of flow in the dissertation.  
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Nomenclature 

The following nomenclature is used. For ease of reading, the nomenclature is 

separated by those introduced in Chapter 2 and Chapter 3. 

1.1 Nomenclature introduced in Chapter 2 

Symbols  

A Cross-sectional area of turbine blade (m2) 

Cp Power coefficient of turbine 

l bends Number of obtuse angle bends in stream within a 2500m 

radius of the site 

m5000,up; m2500,up; m500,up Surface slope measured upstream from site across 

distances of 5000m, 2500m, and 500m, respectively 

n Manning’s roughness parameter 

n bends Number of bends in stream within a 2500m radius of the 

site 

P Power generated by turbine (kW) 

R Hydraulic radius (m) 

S Surface slope of stream 

site bend t Indicates if site is situated in an acute stream bend 

site bend l Indicates if site is situated in an obtuse stream bend 

t bends Number of acute angle bends in stream within a 2500m 

radius of the site 

V Stream velocity (m/s) 

z5000,dn; z2500,dn; z500,dn Elevation at points 5000m, 2500m, and 500m 

downstream from site (m) 

z5000,up; z2500,up; z500,up, z0,up Elevation at points 5000m, 2500m, 500m, and 0m 

upstream from site (m) 

 

Abbreviations  

ADCP Acoustic doppler current profiler 

DEM Digital elevation model 

MAE Mean absolute error 

MAPE Mean absolute percent error 

ML Machine learning 

NWIS National Water Information System 

RF Random Forest 

RMSE Root mean squared error 
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SHAP Shapley Additive Explanations 

USGS Unites States Geological Survey 

VMT Velocity Mapping Toolbox 

 

Greek Letters  

ρ Water density (1000 kg/m3) 

 

1.2 Nomenclature introduced in Chapter 3 

Symbols  

B  Set for building type (cabin, small hotel, microbrewery) 

CCrp Annualized capital costs of technology, r, in phase, p ($/kW) 

cerp Number of new capacity additions made for each technology, r, and in 

each investment phase, p 

Cp Specific heat capacity of water at 50oC (0.001162 kWh/kg K) 

crp Total capacity of each technology, r, installed in phase, p (kW) 

D Number of days per month 

FCrp Fixed O&M costs ($/kW) 

grhp Power produced per generation technology, r, in hour, h, in phase, p (kW) 

H Set for hour index {0, 1, …, 23} 

Lhp Electric demand profile (kW) 

Mer Maximum limit of expansion of technology, r (kW) 

MPrh Marginal production of technology, r, in hour, h 

P Set for investment phases {1,2,3} 

P_brewhp Electric load for microbrewery equipment in hour, h, phase, p (kW) 

P_elechbp Electric load for non-thermal needs in hour, h, building, b, phase, p (kW) 

P_HWhbp Electric load for hot water heater in hour, h, building, b, phase, p (kW) 

P_max Charge/discharge rate limit of the BESS (kW) 

P_SHhbp Electric load for hydronic space heating system in hour, h, building, b, 

phase, p (kW) 

Qhbp Space heating thermal demand in hour, h, building, b, phase, p (kW) 

R Set for power generation technology type {PV, WT, HK, DG, BESS} 

Sgr Unit size of technology (kW) 

sochp The current state of charge of the BESS in hour, h, phase, p (kWh) 

VCrp Variable O&M costs ($/kWh) 

V̇_HWhbp   Demand for hot water in hour, h, building, b, phase, p (m3/s) 

V̇_SHhbp   Required volumetric flowrate of hot spring water for hydronic space 

heating system in hour, h, building, b, phase, p (m3/s) 
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Abbreviations  

ASHRAE American Society of Heating, Refrigerating and Air-Conditioning 

Engineers 

BESS Battery energy storage system 

DG Diesel generator 

ER Electricity rate 

GEP Generation expansion planning 

HK Hydrokinetic turbine 

MILP Mixed integer linear programming 

NPV Net present value 

PV Solar photovoltaic 

O&M Operations and maintenance 

WT Wind turbine 

 

Greek Letters  

μ Pump efficiency (0.75) 

ρ Water density (988 kg/m3 at 50oC) 

∆T Temperature rise of hot water tank (30oC) 
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Chapter  1: Introduction 

In the Arctic regions of North America, including Alaska and the Canadian 

territories, most remote communities rely heavily on diesel-based electricity production [1] 

[2]. The dependence on diesel leaves these communities vulnerable to fuel price volatility 

while also contributing to localized carbon emissions [3]. To address climate change 

challenges in the Arctic and the economic burdens of transporting diesel fuel, cleaner and 

more sustainable alternatives are needed for these communities. A variety of renewable 

energy technologies, including wind, solar PV, and hydrokinetic power can be suitable for 

meeting the energy requirements of small communities. Due to the intermittent nature of 

renewables, however, energy demand and renewable resource availability must be 

accurately assessed to ensure supply always meets demand, as well as economic feasibility. 

In this integrated thesis, two key aspects of community energy planning are addressed 

through the development of two new mathematical models. The importance of each model 

is discussed in the following subsections. 

 

1.1 Motivation for predictive model for hydrokinetic power  

Hydrokinetic turbines are a power generation technology that could address the 

energy needs of northern communities. Global level assessments reveal vast power 

generation potential for hydrokinetic turbines [4]. In Alaska, mapping shows that many 

communities are located near a moving water source – either on a river, on the coast, or 

both [5] – making renewable hydrokinetic power a strong candidate to provide a substantial 

portion of a community’s energy needs.  
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Unlike more traditional hydropower technologies, hydrokinetic power is typically 

very small in scale, with commercially available devices ranging from about 5 – 50 kW 

rated power [6]. Hydrokinetic turbines are classified as a zero-head technology, meaning 

the device relies on the kinetic energy, or current, of the stream [7]. This level of generation 

is well-suited to the power requirements of small, remote communities, which face an 

annual peak power demand in the range of 100 – 400 kW, depending on population level 

and economic activity [8]. Furthermore, several hydrokinetic power technologies have 

moved from pilot scale to field demonstration in recent years. Ocean Renewable Power 

Company (ORPC), for example, has a submersible hydrokinetic device currently installed 

and operating in the Igiugig, Alaska microgrid [9]. The emergence of hydrokinetic turbine 

designs, combined with a growing interest in, and need for, renewable power in community 

microgrids [4] drives the need to accurately model and predict hydrokinetic power output 

potential at finer spatio-temporal resolutions.  

 

1.2 Motivation for a multi-period GEP model considering thermal and electric 

loads 

To plan a community energy system, it is important to ensure that a system design 

will meet economic objectives, hourly energy needs, and work under various operating 

constraints. To solve this type of problem, generation expansion planning (GEP) is 

considered the primary modeling framework of choice by many past studies and is 

especially useful when planning over long horizons [10]. When modelling energy demand, 

many studies that apply GEP modelling focus primarily on electricity demand. However, 

thermal energy loads must be addressed as well, especially in the Arctic where supplying 
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space heat is critical. While space heating is commonly produced by heating oil in remote 

communities [3], a low-carbon alternative is geothermal heat, particularly by direct use 

methods. Geothermal direct use refers to the process of using underground hot water to 

supply thermal energy directly to buildings for space heating and other thermal needs [11]. 

This is one of the oldest applications of geothermal and is used in many regions around the 

world [12]. The case study in this paper, Pilgrim Hot Springs, is home to a unique source 

of hot geothermal surface water at temperatures sufficient to meet building heating loads 

through direct use methods. Furthermore, this type of thermal energy can be provided by 

electrically pumping and circulating the hot water from the ground, the electricity for which 

can be produced by renewable technologies.  

Although renewable generation technologies can provide a solution to 

decarbonizing electricity and heat, there are limitations pertaining to scalability. For 

example, commercially available wind turbines compatible with the Arctic climate are built 

on the 100 kW or MW scale [13], but remote communities often have very low populations 

and therefore have smaller energy needs. This means that a community may be in a region 

with strong wind generating potential but does not have the scale of energy demand to 

justify investing in a large wind turbine. Investigating compatible nameplate capacities of 

generation technologies like wind could help make the resource more accessible to smaller 

establishments who wish to make incremental investments.  
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1.3 Literature review 

The following subsections provide an overview of the literature pertaining to 

existing resource assessment models related to hydrokinetic power as well as the state of 

the art in energy planning models, particularly GEP models. 

1.3.1 Hydrokinetic resource assessment 

River resource assessment is an important first step in evaluating a stream site’s 

potential hydrokinetic power output. While regional and global resource assessments exist 

[7] [14], these are based on daily discharge data [4], but hourly data is needed for power 

systems planning. To obtain more temporally fine-grained data, on-site assessment and 

field data collection is typically necessary, as was the case in Igiugig, AK, prior to the 

installation of a hydrokinetic turbine [15]. Acoustic Doppler Current Profiler (ADCP) 

equipment is often used to measure the velocity profile of a specific stream site [16]. 

Conducting an ADCP assessment is a necessary step in resource assessment; however, it 

is costly and therefore limited to stream and river reaches that are known a priori to be 

suitable candidate sites. Identifying a broader range of sites via remote estimation methods 

would be valuable to down-selecting suitable locations for detailed on-site data collection. 

Remote sensing has been applied in many forms to estimate power potential for small 

hydro plants [17] as well as for stream velocity and flow estimations.  

Community energy planning requires generalizable models for power prediction, 

but few such models currently exist for hydrokinetic power. Important issues to consider 

in developing such a model include velocity and flowrate, water depth, as well as the 

presence of floating debris [18]. Relations between river morphology and turbulence flow 

parameters were studied in Walsh, et al. [16]. Turbulence parameters along with flow 
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velocity are also important for assessing thalweg stability [19], as the river depth profile 

will potentially limit suitable turbine options. Resource assessment efforts are also 

important after a turbine installation to observe its effects on the flow nearby and 

downstream from an installed device [20]. From velocity, power densities can be calculated 

to map suitability of river reaches to accommodate a hydrokinetic device. The above 

studies were generally focused on a specific site using in-situ data such as from an ADCP 

field campaign, but more generalizable techniques including remotely sensed data would 

facilitate analysis across much broader regions. A hydraulic calculator developed by 

Duvoy et al. [21] serves as a generalizable power density heat map for hydrokinetics, 

although this model relies on velocities from numerically simulated 2D flow data [22] 

which is not publicly available [21]. Data that is both remotely retrievable and open source 

would improve broader accessibility of the model.  

While machine learning (ML) algorithms have been applied for assessing distinct 

river characteristics, such as discharge, bathymetry, and velocity, most modelling efforts 

to date rely on some in-situ data collection, and there is generally a greater focus on 

flowrate prediction over velocity. Several ML algorithms have been applied to characterize 

river parameters. For example, random forest (RF) models have been used in Pham et al. 

[23] and Ghorbani et al. [24] to predict volumetric streamflow using historical streamflow 

data. Artificial neural networks (ANNs) and neuro-fuzzy inference systems (NFIS) have 

also been used by a variety of studies in modelling stream characteristics and have been 

popular in the field of water resources for a number of years [25]. Flood estimation 

predictions have been computed using ANNs by Dawson et al. [26], as well as velocity 

estimates for sediment settling times, as used by Loh et al. [27]. Genç and Dağ [28] used 
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an ANN to predict mean velocity in a set of small streams. This model was based on in-

situ data including surface velocity, hydraulic radius, bank slope, and water depth. 

Similarly, Yang et al. [29] applied an ANN model for velocity profile estimation by relating 

it to river aspect ratio (the width to depth ratio). Flow discharge has also been estimated 

using other algorithms including Support Vector Machines (SVM) by Pal et al. [30] and 

Nearest Neighbors to estimate monthly runoff in Ahani et al. [31]. Other machine learning 

approaches including in Forghani et al. [32] estimated stream velocity based on remotely 

estimated bathymetry using methods from Hilldale et al. [33]; however, this method 

required a 2-step process with a significant amount of computing power (128 GB of RAM). 

While many studies have investigated remote sensing of necessary data to predict 

streamflow properties, to the best of the authors’ knowledge, few studies have focused on 

estimating specifically mean stream velocity using only remotely sensed data, particularly 

in combination with ML algorithms. Remote estimation of velocity will enable more 

efficient identification of suitable locations for on-site data collection. Remotely accessible 

data also enables flow estimation to be more easily made over a broader span of spatial 

extents, especially where there are few in-situ gages [34]. Satellite technology such as 

Interferometric Synthetic Aperture Radar (InSAR) have been used to remotely estimate 

discharge by analyzing surface velocity but does have limitations in resolution and scope. 

InSAR data was used by Grunler et al. [35] to predict discharge, reporting accuracies 

ranging from 20-30% error. This study is one of few based exclusively on remotely 

accessible data, though it was limited to larger streams due to resolution limits (at least 

300m wide). Similar measurements of surface velocity have been characterized using radar 

technology resulting in higher predictive accuracy, as was the case in Costa et al. [36], 
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however this method required the use of on-site equipment. Satellite imagery can provide 

width of a water channel, and surface slope can be obtained from digital elevation models 

(DEMs) [37]. Incorporating these variables is a more traditional hydraulics-based approach 

which was used for estimating flow in studies by Bjerklie et al. [38] [39], as well as 

estimating stream depth in Durand et al. [40]. In these approaches that employ width and 

slope, the Manning equation or a similar empirical formula is applied to estimate 

streamflow [41] and required some in-situ knowledge and/or an estimation of Manning’s 

roughness parameter, which is difficult to accurately characterize. An additional parameter 

that influences streamflow behaviour is bed material. This is traditionally observed in-situ, 

but more recent studies, including Black et al. [42] and Woodget et al. [43], have 

investigated methods for remotely estimating riverbed sediment types through aerial 

imagery. 

DEM data has also been used for remotely estimating power generation potential 

for typical hydropower applications by Cuya et al. [44], although this is based largely on 

hydraulic head measurements, which is a poor predictor of power in hydrokinetic 

applications.  

A predictive hydrokinetic power model, when developed, can be applied to estimate 

the hydrokinetic resource potential near a community of interest. Hydrokinetic power can 

then be included as an option among other renewable technologies such as wind and solar 

when planning a community energy system. An optimal energy system that selects the best 

combination of generation technologies, is commonly determined through GEP modelling. 

The literature pertaining to GEP models is discussed below in Section 1.3.2.  
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1.3.2 GEP models for community energy planning 

Energy planning is an important element to designing a power system that meets 

the needs of a community, especially when designing for a high share of renewable energy 

in isolated microgrids. GEP is the most appropriate modeling framework for long term 

energy planning [10], to ensure the optimal generation portfolio and investment plan meet 

long-term demand projections. GEP helps energy planners make decisions for when and 

what type of generating technologies to install, as well as what size, or nameplate capacity 

is necessary [45]. For rural communities like Pilgrim Hot Springs in Alaska, GEP can help 

plan a system with a higher share of renewables and minimize dependence on external fuel 

sources, which are subject to price volatility that reduces energy security [46].  

GEP models based on mathematical optimization methods determine optimal 

capacity investments, typically formulated as a mixed integer linear program (MILP), such 

as in Antunes et al. [47] and Amrollahi et al. [48], or sometimes as a non-linear program, 

as was the case for models by Zhang et al. [49] and Hemmati et al. [50]. Since power 

generation technologies have discrete nameplate capacities (e.g., a 100 kW Arctic wind 

turbine), discrete variables should be used when modeling potential capacity expansions 

[47]. For this reason, MILP is a valuable optimization model to use for community energy 

planning. When building the GEP model, a single cost-minimization objective is 

commonly applied to find an optimal solution [51]. GEP models are further defined by 

technical operating constraints, particularly with estimates of long-term energy demand 

and resource availability. There are several uncertainties within these constraints that 

should be considered, particularly resource demand and availability, as well as fuel price 

volatility. Variability in resource supply is especially important to capture for wind turbines 
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and PV panels, where the availability is influenced by the time of day and season. Likewise, 

energy loads from buildings will also follow hourly and seasonal trends, which was 

reflected in the load data acquired for this paper as described in Section 3.2.2.4. Hourly 

data should be modeled to capture resource variability; however, this significantly 

increases the computational time and complexity of the model, especially when modeling 

over a longer time horizon.  

To account for the variability in resource supply and demand while adhering to 

computational limits, representative days are often modeled in GEP [52]. These 

representative days are often constructed through heuristic methods, such as selecting days 

from each month or season and taking the average value of each hour, which was done 

previously  by Alharbi et al. [53] and Hajipour et al. [54].  For the case study in this paper, 

we model one representative day for each month of the year, for one year in each of the 

three distinct expansion phases described in Section 3.2.2.1. This approach is chosen as it 

will encompass the seasonal nature of both demand and resource availability for the case 

study. This also matches the availability of energy load data, which based on the sources 

described in Section 3.2.2.4, can generate 24-hour load curves for an average day of each 

month. In addition to demand and supply variability, remote Arctic communities that rely 

on diesel generators are disproportionately affected by fluctuations in fuel costs. As such, 

investigating the effect of fuel price volatility is especially important, which we do via 

sensitivity analyses. 

Another challenge with GEP models is the “lumpiness” effect created by the 

discrete size  of generation technologies, which few GEP papers have investigated in depth. 

Lumpiness, as discussed by Schell et al. [55], describes the issue of large generators being 
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indivisible in size, which presents incompatibilities between small communities and 

technologies like wind with only large nameplate capacities commercially available. In the 

case of long-term planning, this incompatibility may lead to overinvestment in capacity at 

an earlier stage, potentially resulting in stranded assets [56]. While the GEP model will 

give the optimal solution for the given inputs, an improved solution may be obtained under 

a more flexible generator size. To model this observation, ignoring the lumpiness effect by 

relaxing the discrete nature of generator sizes can be implemented. The effect of ignoring 

lumpiness in optimization models has been examined by Munoz et al. [57] and Pöstges et 

al. [58] for transmission expansion planning as well as for GEP by Fitiwi et al. [59], 

primarily by modeling certain capacity additions as continuous variables. A critical aspect 

that has not been addressed is how analyzing lumpiness effects can inform new generator 

nameplate sizes that would inherently balance trade-offs in the problem and lead to a better 

solution for communities. 

A comprehensive community energy plan should address both heating and direct 

electrical loads, but most GEP models focus exclusively on electricity needs. Some GEP 

models such as Kim et al. [60] and Huang et al. [61] model integrated energy systems to 

supply heating and electricity needs through combined heat and power (CHP) plants. A 

district heating and electricity system was also modeled by Shao et al. [62] using CHP and 

conventional power plants. While CHP resources such as gas turbines can supply both 

electrical and thermal loads, this type of system does not address the need to decarbonize 

energy and reduce fuel dependence in remote areas. Additional studies including Selçuklu 

et al. [63] and Thangavelu et al. [64] incorporated the geothermal resource in energy 

systems planning, but these studies focused primarily on electricity production from 
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geothermal rather than for supplying heat. Direct use of geothermal energy can provide 

space heating and other thermal loads when underground hot water reservoirs can be 

accessed [11]. For this case study, the presence of a unique shallow geothermal aquifer at 

Pilgrim Hot Springs allows the possibility for direct use of this resource to provide both 

space and water heating. Such an  application is commonly used in many regions for space 

heating [12], but to the best of the author’s knowledge, direct use geothermal heating has 

not previously been incorporated into existing GEP models.  

 

1.4 Research objectives 

The research objectives for this thesis are outlined below that address the identified 

gaps in the literature section described in Section 1.3.  

• Chapter 2: A predictive model of velocity for local hydrokinetic power assessment 

based on remote sensing data 

o Develop a model that can help predict stream velocity for estimating 

hydrokinetic power potential, using remotely obtainable data, for a range of 

small and large streams and rivers 

o Investigate the influence of additional geometric, temporal, and spatial 

variables on stream velocity prediction. This study proposes and analyzes 

several new hydrologic predictors of stream velocity, based on the geometry 

of the stream (e.g., number of stream meanders, spatial location, and 2500m 

upstream slope). 

• Chapter 3: A multi-period GEP model for Arctic and northern communities 

considering both thermal and electric loads 
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o Develop a community energy model to meet the combined electric and 

thermal energy needs of a small remote community in the Arctic, with an 

emphasis on renewable technologies 

o Incorporate geothermal direct use for space and water heating, modeled as 

a single electric load curve in combination with other electricity demands 

o Investigate the effect of generation technology lumpiness on investment 

choices to determine if reduced nameplate capacities on wind can improve 

the optimal system plan 

 

1.5 Structure of thesis 

This integrated thesis consists of two principal chapters. Chapter 2 focuses on a 

predictive streamflow model developed for hydrokinetic power assessment. Chapter 3 

describes a GEP model developed for a small northern community. Chapter 4 outlines the 

key contributions of this thesis, and Chapter 5 contains concluding remarks and 

recommendations for future work.  
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Chapter  2: A predictive model of velocity for local hydrokinetic power 

assessment based on remote sensing data 

 

2.1 Introduction 

This study addresses the gaps in the literature described in Section 1.3.1 and 

objectives in Section 1.4 through the development of a model that can accurately predict 

stream velocity, a key driver of a site’s hydrokinetic power potential. This study employs  

machine learning (ML) via the Random Forest (RF) algorithm, with an emphasis on remote 

resource assessment using remotely available data, validated by velocity readings from 

stream gages. The developed model is trained and tested on a large dataset, with a specific 

focus on small, community level stream and river reaches. Given the vast geographic span 

of the Arctic, where hydrokinetic is gaining traction as a potential renewable energy source 

[7], relying on remotely accessible data will allow for screening of locations prior to 

conducting data collection from the field. 

 

2.2 Methods 

2.2.1 General process 

This study consists of two phases. The first phase, as described in Figure 2-1 a), 

was to investigate the performance improvement gained by the best ML model (RF #1) 

over the traditional Manning equation. The Manning equation, as described further in 

Section 2.2.3, is an empirical formula that estimates stream velocity, and is considered to 

be the most commonly used equation to estimate open channel flow [65]. The purpose of 

this comparison was to highlight the accuracy limitations of the Manning equation in 
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estimating stream velocity and to see if an ML model exists that can improve upon this 

popular, fluid mechanics-based method. Model training and testing was done with a small 

but detailed set of ADCP data.  

The second phase, as outlined in Figure 2-1 b) was to further develop the ML model 

with the best predictive accuracy on a larger set of stream data and analyze the influence 

of individual input variables on the refined model. This development and analysis is further 

explained in Sections 2.2.4 and 2.2.5, and the purpose was to provide a more generalizable 

predictive model that can be used for  hydrokinetic resource assessment across a broader 

geographic region. Additional temporal, spatial, and geometric parameters were also 

included as input variables and were shown to improve the estimation accuracy of the RF 

model. Additional analysis on the model was conducted using Shapley additive 

explanations (SHAP), explained further in Section 2.2.5.3, which provided a visual break-

down of the prediction logic for individual streams. The SHAP method quantifies and  

visualizes the specific contributions of each input variable to a prediction of stream 

velocity. Summary plots also help explain feature importance across streams. 

 

 

 

 

 

 

 

 



 15 

a)                                                             b)    

 

Figure 2-1: General process for a) evaluating RF model against Manning equation and b) developing 

the RF model and analyzing input variable influence 

 

2.2.2 Hydrokinetic power estimation 

The focus of this paper is on stream velocity prediction for the purpose of 

estimating hydrokinetic power generation. Velocity, as shown by its cube in Equation (1), 

is a key variable in estimating power generation potential of a stream site. For hydrokinetic 

turbines, power generation is calculated as 

𝑃 =  
1

2
𝐶𝑝𝜌𝐴𝑉3                                                                                                                                                         (1)     

The term P is power in Watts, ρ is fluid density, A is cross-sectional area of the 

turbine blade, and V is stream velocity [7]. 𝐶𝑝 is the power coefficient, which depends on 

the turbine design and is constrained by the theoretical Betz limit of 0.59 [66]. The water 

density is relatively constant, and the cross-sectional area depends on the specific turbine 

design, but velocity depends on the river resource. To generalize the expression across 
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various turbine designs, the power equation can be re-arranged to describe power density 

as 

𝑃

𝐴
=  

1

2
𝐶𝑝𝜌𝑉3                                                                                  (2) 

Power density is expressed in W/m2. If stream velocity is known, then Equation (2) 

can be applied to estimate power density. The estimated power density can then be 

evaluated against existing hydrokinetic designs and their specified operating parameters to 

indicate if a particular stream site is potentially suitable or not for hydrokinetic power 

generation.  

2.2.3 Manning’s equation 

The Manning equation is an empirically derived physical relationship that estimates 

open channel velocity based on geometric parameters of the stream. As previously 

mentioned, it is considered to be the most commonly used equation to estimate flow in 

open channels such as rivers. By evaluating the performance of the most conventional 

equation to estimate stream velocity on a set of real-world data, this provides a suitable 

baseline model against which the machine learning models developed in this study can be 

compared. The Manning equation is given as 

𝑉 =  
1

𝑛
𝑅2/3𝑆1/2                                     (3) 

The term V is the stream velocity, n is the channel roughness coefficient, R is the 

hydraulic radius, and S is the surface slope [67]. As seen in Equation (3), the hydraulic 

radius of the stream channel is the most influential variable in the equation. However, it 

also the hardest to estimate. R is typically obtained from ADCP data, which provides a 

cross-sectional reconstruction of the channel, as seen in Figure 2-4. S can be determined 
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using available DEM, and n is estimated based on a combination of factors including the 

type of channel bed material.  

2.2.3.1 Limitations of the Manning equation 

There are several limitations of the Manning equation that limit its applicability to 

remote resource assessment. Firstly, it only considers a few variables, limiting the range of 

input information to predict velocity. The n coefficient is also quite difficult to accurately 

estimate as it is influenced by a variety of factors [68], yet it significantly affects the 

estimation of velocity. Additionally, previous studies have noted that for smaller streams, 

the Manning equation often shows a higher error in estimating velocity, particularly in 

small streams with coarse material lining the bed, as is the case for the Alaskan stream data 

[67]. On the ADCP dataset that was obtained for the first phase of this study, the Manning 

equation had an average prediction error of 46.57%, as shown in Table 2-2 in Section 2.4.1. 

Furthermore, the requirement for hydraulic radius, R, means that remote sensing will be 

difficult, as R requires knowledge of the channel area and depth profile which must be 

collected in-situ or approximated. Due to the challenges with estimating roughness, n, as 

well as the level of data required to estimate R, the Manning equation has many 

inadequacies in remotely estimating channel velocity, and thus other methods for remote 

assessment should be pursued. 

2.2.4 Data-driven machine learning model of velocity  

ML is gaining popularity in the field of river hydraulics [69], as the data-driven 

approach allows for a better understanding of highly complex systems such as streamflow. 

One way it facilitates this understanding is the flexibility to provide additional input 

variables without the constraints of an explicit formula such the Manning equation, 
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meaning that non-linear relationships between input features and velocity can be 

endogenously determined and considered. In this study, many additional input variables 

were considered, including site location, month of measurement, channel bed material, and 

number of stream meanders near a site. This list is summarized in Section 2.3.3.1, Table 

2-1.  

RF is a robust tree-based algorithm where multiple uncorrelated trees are 

constructed, each with a collection of random variables [70]. The predictions of each 

decision tree are then averaged to yield a final overall prediction. The Random Forest 

regression equation is as follows, as described by [71] 

𝑓𝑟𝑓
𝐵 (𝑥) =  

1

𝐵
∑ 𝑇𝑏(𝑥)𝐵

𝑏=1                              (4) 

A prediction, 𝑓𝑟𝑓
𝐵 (𝑥), at a new point 𝑥, is calculated as the average of each 

individual tree predictions, 𝑇𝑏(𝑥), across B decision trees. The averaging of multiple 

decision trees helps to reduce the variance and noise associated with individual trees and 

is a major advantage of using RF [71]. 

Other models were considered in this study, including Adaboost, Gradient 

Boosting, Support Vector Regression (SVR), and Decision Trees. A comparison of how 

these algorithms performed on the model developed in Section 2.4.2, later referred to as 

RF #3, is shown below. 
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Figure 2-2: Comparison of RF model with other machine learning algorithms with RF #3 model 

 

Due to its high stability and comparative success in the model selection process, 

RF was shown to provide superior predictive accuracy. The RF models in this study used 

an 80-20 train-test split for the training process.  

2.2.5 Model validation and interpretation 

2.2.5.1 Parameter tuning for RF model 

To ensure appropriate tuning of parameters in the RF model, particularly the 

number of decision trees, a 10-fold cross validation was conducted on the training data to 

determine optimal values. This step is important to ensure that overfitting does not occur 

when validating the RF model on the test data. A grid search found that 500 trees 

minimized the cross-validated error.  

2.2.5.2 Evaluating predictive accuracy of models 

The predictive accuracy for each model was calculated as the mean absolute percent 

error (MAPE). The MAPE is defined as: 
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𝑀𝐴𝑃𝐸 =  
1

𝑛
∑ |

𝐴𝑖−𝑃𝑖

𝐴𝑖
|𝑛

𝑖=1                             (5) 

The term Ai is the measured gage velocity, and Pi is the predicted value, averaged 

over n observations. The MAPE metric was used n forward feature selection for the RF 

models, as well as to compare the Manning equation and RF predictions of stream velocity. 

In addition to the MAPE, other error metrics are used  in this study, to ensure the 

best model performs consistently. Mean absolute error (MAE) is also evaluated, as: 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝐴𝑖 − 𝑃𝑖|𝑛

𝑖=1                                                                                                         (6) 

 Finally, the root mean squared error (RMSE) is quantified, which penalizes larger 

errors: 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (𝐴𝑖 − 𝑃𝑖)2𝑛

𝑖=1                                                                                                         (7) 

 Equations (5), (6), and (7) are used to evaluate the error of the models presented in 

Section 2.4.1 and 2.4.2. 

2.2.5.3 Assessment of input variable importance 

To interpret the output of the best performing random forest model, we utilize the 

SHAP method [47], which accurately describes global model behavior and feature 

importance from exact local explanations. Analyzing the exact individual, local 

explanations from the RF model further allows us to understand how the input variables 

influence velocity predictions for a specific location. [72]. A SHAP value is calculated for 

each input variable and  each prediction instance. The SHAP value measures  the credit, or 

contribution, of each feature, to a given prediction, by calculating the change in prediction 

across all feature sets and orderings, which includes leaving features out. Specifically, the 

importance, ∅𝑖, of an input feature, i, is found according to:                                          
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𝜙𝑖(𝑓, 𝑥) =  ∑
1

𝑀!
[𝑓𝑥(𝑃𝑖

𝑅  ⋃   𝑖) −  𝑓𝑥(𝑃𝑖
𝑅 )]𝑅∈ℛ                            (8) 

The term ℛ is the set of all feature orderings, 𝑃𝑖
𝑅 is the set of all features ordered 

before feature i, in ordering R, and M is the number of input features for the model [72]. In 

addition to the mathematical guarantees of the SHAP method, it has been implemented as 

a Python module that visualizes both global feature contributions, as well as local feature 

contributions for observations of interest. Feature importance for key local observations, 

including the effect of channel width and longitude on velocity predictions for small and 

large streams, are analyzed in Section 2.4.3.2. A more detailed explanation of the SHAP 

derivation is outlined in [73]. 

 

2.3 Data  

2.3.1 Choice of case study location  

To build and validate the predictive models, field data of gaged stream velocities 

was required. Much of this data was obtained from the United States Geological Survey 

(USGS), which monitors several stream sites across Alaska and reports data on its National 

Water Information System (NWIS). Due to the availability of data [74] and its location in 

the Arctic region, Alaska was chosen as the primary scope for this study. To compare the 

benchmark method of the Manning equation and to validate the RF model against it, this 

study consists of two datasets, described below. 

2.3.2 ADCP dataset for Manning equation model 

The first dataset consisted of ADCP measurements collected from the field by 

USGS, from which the necessary parameters, particularly hydraulic radius, can be 

calculated, to estimate stream velocity via the Manning equation. In an email 



 22 

communication with USGS [75], a default roughness value of n = 0.035 is used for rivers 

in Alaska. This roughness value corresponds to coarse sand and gravel [76].  

Detailed ADCP data for 69 different observations from 9 different gage sites across 

Alaska was provided upon request from USGS [77], with the site locations shown in Figure 

2-3. These nine different sites were selected based on: currently active stream gages, 

geographic diversity, and variety of stream sizes by channel width (27m to 900m). 

 

 

Figure 2-3: Map of Alaska denoting locations where ADCP data was obtained 

 

The raw ADCP data files provided by USGS required processing. This study used 

a combination of software to process the raw files, including WinRiver II [78] and Velocity 

Mapping Toolbox (VMT), a MATLAB script developed by USGS for analyzing ADCP 

files [79]. WinRiver II was required to process the file into a format readable by VMT. 

From the VMT file, the stream transect’s mean velocity, averaged across the channel area, 

and the hydraulic radius were calculated and used to validate the Manning equation 
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prediction of velocity. VMT can also generate velocity heatmaps, as shown in Figure 2-4, 

which is important for visualizing the distribution of velocity and the power generating 

potential in a given stream cross-section. 

 

 

Figure 2-4: Example of a stream velocity heat map generated through VMT 

 

This dataset provided the necessary variables to estimate velocity using the 

Manning equation. As a preliminary investigation of whether tree-based machine learning 

models could improve upon the Manning equation, the first RF model, RF #1, was trained 

and tested on this data, as well. The results of both models are compared in Table 2-2 of 

Section 2.4.1. Note that for the Manning equation, the surface slope is also required, which 

was measured from DEM data available from [37] [80].  

2.3.3 New data and features used to develop a predictive model of velocity 

While ADCP data is detailed and accurate, it requires a costly field campaign to 

collect. In order to demonstrate the effectiveness of a generalizable RF ML model for 

stream velocity prediction, a larger dataset was required for model training and validation. 

This was achieved using USGS stream gage data, complemented by new geoparameters 

proposed in this study.  
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The USGS NWIS portal has stream data from a significantly higher number of 

unique sites across Alaska than what is available in the USGS internal ADCP database, 

across both space and time, with data observations ranging from the years 2000 to 2021. 

Because the gages are permanently in-stream, the temporal depth of the NWIS data is much 

increased. NWIS stream gage data included information such as date of observation, 

latitude, longitude, stream width, channel bed material, and many other quantitative and 

qualitative characteristics [74]. Most importantly, this data reports the measured average 

stream velocity, which is required to validate the prediction accuracy of the models. From 

the NWIS portal, data from 59 different sites across Alaska, shown in Figure 2-5, was 

compiled for this study, after assessing data availability and quality from each site. The 

following rules were employed in pre-processing the NWIS data: 

• Observations between the year 2000 and 2020 were used 

• Observations with incomplete data, including missing velocity and measurement 

date, were not included, as the model requires these parameters for training 

• The NWIS portal reports data quality, which scores the quality of each observation 

as either poor, fair, good, or excellent. Observations rated ‘poor’ were removed 

from the dataset. 

• Channel velocities higher than 30 ft/s were considered outliers and filtered out. The 

majority of velocity measurements were below 30 ft/s, but a small subset of 

measurements had readings that were so high and likely attributable to 

measurement errors, data reporting errors, or typographical errors. The velocities 

removed were reported as being the hundreds or thousands of feet per second (up 

to 9999 ft/s). 



 25 

 

 

Figure 2-5: Map denoting locations of 59 sites used in ML models 

 

To achieve the objective of a generalizable prediction model, a wide distribution of 

geographic data was selected. Note that sites were limited to active stream gages 

maintained by USGS, of which there is a higher concentration in the eastern regions of 

Alaska.  

2.3.3.1 Proposed geoparameters 

In addition to increasing the number of observations of stream velocity, the dataset 

was also expanded via the number of input features hypothesized to affect stream velocity. 

As opposed to the benchmark Manning equation, the ML framework allows consideration 

of input features related to the seasonality of stream flow, as well as other physical, 

geometric features of the stream itself. To visualize the development of such features, 

termed geoparameters, Figure 2-6 below shows the map of an example NWIS site, along 

the Nuyakuk River. 
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Figure 2-6: Example NWIS stream gage site on Nuyakuk River, Alaska 

 

Visual inspection of the map around the stream gage site reveals several additional 

features that could be useful for an ML model, including the geographic location, the 

presence of meanders in the stream, and the proximity of the stream to a larger body of 

water.  

The input variables used in the ML model were developed using a combination of 

methods. Parameters including date of measurement, location, and bed material were 

included in the data available from [74]. Geometric parameters, including elevation and 

slope measurements, and stream meanders were measured using ARCGIS shapefile maps 

available from [5] as well as DEM data available from USGS [80] [37]. The full list of 

variables considered in the developed RF models and respective data sources are 

summarized below in Table 2-1. The ranges of values and mean value corresponding to 

each variable is reported, and for parameters that are categorial or integer, the mode value 

is reported. 
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Table 2-1: List of input parameters considered in ML models 

Variable 

Name 

Definition Variable 

Type 

Min Max Mean Source 

channel 

width 

Width of channel at 

gage site (metres) 

continuous 1 978 123 USGS 

NWIS 

[74] 

geographic 

coordinates  

Longitude and 

Latitude 

coordinates 

(decimal degrees) 

continuous -165.51 

55.18 

-132.13 

70.5 

-148.56 

62.52 

ArcGIS 

Map [5] 

Variable 

Name 

Definition Variable 

Type 

 Mode  Source 

month 

(January, 

February, 

etc.) 

Indicates which 

month stream 

measurement was 

recorded 

integer  6 (June)  USGS 

NWIS 

[74] 

seasons 

(winter, 

spring, 

summer, 

fall) 

Indicates season 

that measurement 

was recorded 

integer  3 (Summer)  USGS 

NWIS 

[74] 

year (2000 - 

2021) 

Year that 

measurement was 

taken 

integer  2016  USGS 

NWIS 

[74] 

bed material  gravel, cobbles, 

boulders, sand, silt, 

unspecified 

integer  6 

(unspecified) 

 USGS 

NWIS 

[74] 

regions  'interior', 'far north', 

'south central', 

'southwest'  

categorical  South central  USGS 

NWIS 

[74] 

subregions  Copper River, 

Anchorage, North 

Slope, etc.  

categorical  Fairbanks 

North Star 

 USGS 

NWIS 

[74] 

Variable 

Name 

Definition Variable 

Type 

Min Max Mean Source 

Proposed Geoparameters: 

t bends Number of acute 

angle bends in 

stream within a 

2500m radius of 

the site 

count 0 18 4.8 ArcGIS 

Map  [5] 

l bends Number of obtuse 

angle bends in 

stream within a 

2500m radius of 

the site 

count 0 15 4.6 ArcGIS 

Map [5] 

n bends Number of bends in 

stream within a 

2500m radius of 

the site 

count 0 30 9.4 ArcGIS 

Map [5] 
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site bend t Indicates if site is 

situated in an acute 

stream bend 

binary 0 1 0 ArcGIS 

Map [5] 

site bend l Indicates if site is 

situated in an 

obtuse stream bend 

binary 0 1 1 ArcGIS 

Map [5] 

z5000,up,  

z2500,up,  

z500,up, 

z0,up 

Elevation at points 

5000m, 2500m, 

500m, and 0m 

upstream1 from site 

(metres) 

continuous 3 

3 

3 

3 

1084 

984 

798 

798 

 

191 

170 

151 

148 

DEM [37] 

[80] 

z5000,dn,  

z2500,dn,  

z500,dn 

Elevation at points 

5000m, 2500m, 

and 500m 

downstream from 

site (metres) 

continuous 0 

0 

2 

761 

784 

797 

 

124 

137 

146 

 

DEM [37] 

[80] 

m5000,up, 

m2500,up,  
m500,up 

River slope 

measured upstream 

from the site across 

distances of 

5000m, 2500m, 

and 500m (rise/run) 

continuous -0.00180 

-0.00074 

-0.01802 

0.07592 

0.109128 

0.07208 

0.00858 

0.00883 

0.00681 

DEM [37] 

[80] 

tributary Indicates if stream 

feeds into larger 

river downstream 

from site within 

2500m 

binary 0 1 0 ArcGIS 

Map [5] 

island, 

lake, 

ocean 

Indicates if site is 

within 2500m of 

island, lake, or 

ocean 

binary 0 

0 

0 

1 

1 

1 

 

0 

0 

0 

ArcGIS 

Map [5] 

1upstream direction for all sites verified by USGS streamer map [81] 

 

2.4 Results and discussion 

2.4.1 Comparison of benchmark Manning equation and RF models for velocity 

prediction 

Based on the obtained ADCP dataset described in Section 2.3.2, the stream velocity 

was predicted using both the Manning equation and a Random Forest ML model, termed 

RF #1, that was trained and tested on the same variables required by the Manning equation. 

The MAPE, RMSE, and MAE of each model is compared below in Table 2-2.  
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Table 2-2: Comparison of Manning equation and RF models 

Model Variables selected # of data 

points 

# of 

unique 

sites 

MAPE 

(%) 

RMSE 

(m/s) 

MAE 

(m/s) 

Benchmark 

method: 

Manning 

equation 

m5000,up, hydraulic 

radius, Manning 

roughness parameter 

69 9 46.57% 0.5211 0.4348 

Proposed 

model: 

RF #1 m5000,up, hydraulic 

radius, Manning 

roughness parameter 

69 9 22.23% 0.3225 0.2484 

 

The MAPE error rate is reduced by over 52% when using the ML model to predict velocity. 

Similarly, the RMSE is reduced by 38%, and the MAE is reduced by 43%. Specifically, an 

RF trained on the same input variables has an MAPE of 22.23%. In contrast, the benchmark 

Manning equation yielded an MAPE of 46.57%, meaning that using the Manning equation 

to predict stream velocity produces an estimate that is, on average, almost 50% away from 

the true value. Figure 2-10 shows that velocity estimates from the Manning equation can 

be as high as 750%; the relationship described by the Manning equation is much less 

accurate for smaller streams and smaller channel widths. The input variables required of 

the Manning equation also limit its practical use, as it requires a measurable surface slope 

to make a non-zero prediction for velocity. If the measured slope of a given site is near 

zero, the Manning estimation of velocity will be extremely low or essentially zero, which 

does not necessarily reflect reality, as also seen in the slope data in Table 2-1. 

2.4.2 Random Forest model development and feature selection 

The RF model was further developed below and evaluated using the larger dataset 

of 59 locations, which includes 4,313 observations, as described in Section 2.3.3. While 

RF #1 evaluated the relative performance of the ML model against the Manning equation, 

RF #2 and RF #3 reflect the development of a more generalizable model that is trained on 
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a significantly larger number of observations and unique stream sites. The results of this 

more generalized model are summarized below in Table 2-3. 

 

Table 2-3: Comparison of MAPE for various ML models 

Model Features selected # of 

data 

points 

# of 

unique 

sites 

  # input    

  features 

MAPE, 

velocity 

RMSE MAE 

RF #2 channel width, 

geoparameters1, month, 

geographic coordinates, 

season, bed material, region, 

subregion, year 

4,313 59   28 23.96% 0.2711 0.1860 

RF #3 channel width, month, 

geographic coordinates, bed 

material, n bends, l bends, 

m500,up  

4,313 59   8 24.17% 0.2802 0.1890 

1geoparameters includes all the features listed under proposed geoparameters in Table 2-1 

 

In RF #2, the variables from Table 2-1 were used as inputs in the model to estimate 

the measured stream velocity. The MAPE error on this model was found to be 23.96%. To 

minimize computational requirements and develop a parsimonious model, the input 

features were ranked by feature importance, calculated via the SHAP method. The 

summary importance plot for RF #2 showed that many of the original input features had 

little effect on the velocity prediction. These were therefore discarded and the remaining 

features form RF #3 model. Using only these variables, as listed in Table 2-3 for RF #3, 

the MAPE was calculated to be 24.17%, a slight increase in error in exchange for 

parsimony. 

2.4.3 Interpretation of velocity predictions using SHAP 

2.4.3.1 Global interpretability of Random Forest model 
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In this section, the SHAP method is used to calculate global feature importance in 

RF #3 model. The feature importance summary plot, shown in Figure 2-7, shows the global 

ranking of the importance of each input feature, as an aggregation of the local influence 

the feature had for each stream observation. The rank of each feature is indicated by its 

order on the list; channel width, for example, is the most important feature in predicting 

velocity.  

 

 

Figure 2-7: Summary plot of feature importance for RF Model #3 

 

Each dot on the graph represents the SHAP value of the corresponding feature 

related to one  prediction, as calculated by Equation (8). SHAP values quantify the 

influence of each feature on the predicted velocity. The summary plot in Figure 2-7 shows 

how feature importance varies across individual predictions, offering a global view of 

feature importance. The long tails, as seen with channel width, month, longitude, and l 
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bends, demonstrate that these features are extremely important (by virtue of their higher 

SHAP values) for many predictions.  

Interpreting the summary plot for the channel width feature shows that, in general, 

the smaller the width (blue dots), the lower the velocity prediction; similarly, a stream with 

a higher value for channel width (red dots) will have a correspondingly higher prediction 

for velocity. The larger the magnitude of the SHAP value, the more important the feature. 

The dense and long tails for channel width show that this feature is generally the most 

important to making a prediction of velocity. The SHAP value also quantifies the 

directionality and magnitude of the feature’s influence – a negative SHAP value will 

contribute to lowering the value of model output, while a positive SHAP value will 

contribute to increasing it. 

A similar interpretation applies to all other features. The SHAP values for month, 

for example, show that earlier months, i.e. the winter months of January and February, are 

related to lower stream velocities, likely due to ice formation and the general decrease in 

kinetic energy with lower temperatures. Of particular note are the features of longitude and 

the number of bends or ‘n bends’. Mid-longitude values increase the predicted stream 

velocity, which corresponds to the more mountainous regions of Alaska. Finally, the lower 

the number of  bends, or ‘n bends’, the higher the stream velocity. If the share of obtuse 

angle bends, ‘l bends’, is higher compared to acute angle bends, the stream velocity is also 

predicted to be higher. This is consistent with free-flowing stream morphologies [82].  

The SHAP values for the localized surface slope, m500,up, in Figure 2-7 reveal an 

interesting finding from the RF model. Small slope values, denoted by the blue dots, can 

contribute to either increasing or  decreasing a specific velocity prediction, although the 
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majority of low-value slopes appear to decrease predicted velocity as expected. This 

finding highlights the ability of the RF model to account for nonlinear relationships in the 

data, such as a low slope contributing to a higher velocity prediction. Some limitations in 

the data may also contribute to the explanation of this finding; one such limitation being 

the resolution of the elevation data. The DEM data used in this study to measure elevation 

had a 5-metre resolution, meaning that slope may have been underestimated in regions 

where the river either has a narrow channel width or is situated in a ravine with steep slope 

gradients on either side of the stream. Another data limitation is related to the channel bed, 

which may have a slope that is not reflected on the stream surface. Since this model only 

used remotely accessible data, stream depth was not considered but may play a factor in 

the stream velocity.  

The variable, ‘bed material’ is also included in this analysis above, although its 

influence did not appear to be as significant in Figure 2-7, which shows that the majority 

of the points had SHAP values close to zero. The local observations shown in Section 

2.4.3.2 also reflect that bed material did not significantly push the velocity prediction 

higher or lower when compared to other input variables. 

2.4.3.2 Local interpretability of Random Forest model 

This analysis can be expanded further to analyze the feature importance of 

individual stream velocity predictions with the use of SHAP force plots. As shown in 

Figure 2-8 and Figure 2-9, feature contributions can be visualized for specific data points. 

A larger (Figure 2-8) and smaller (Figure 2-9) stream were selected for comparison, to 

evaluate the relative feature contributions on two distinctly different streams.  
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Figure 2-8: SHAP plot for Pilot Station, May 23, 2018 

 

Figure 2-9: SHAP plot for Council, August 28, 2019 

 

In the above plots, the bolded value at the intersection of the red and blue stripes 

represents the RF model’s predicted value for stream velocity. The width of the stripe 

represents the magnitude of influence that feature had on the velocity prediction relative to 

the other variables, while the colour of the stripe indicates the direction that the feature 

pushed the prediction, either higher (red) or lower (blue). In both cases, it can be seen that 

the channel width had a significant influence on the prediction. In Figure 2-8, a large 

channel width of 801.62m pushed the predicted velocity higher. In Figure 2-9, however, 

the channel width, which was relatively small at 59.44m, pushed the predicted velocity 

lower. This supports the findings from the SHAP summary plot shown Figure 2-7: for a 

data point of a large stream, the channel width significantly influences the velocity 

prediction to be higher. Likewise for a very narrow stream observation like in Figure 2-9, 

the channel width will significantly influence the predicted velocity to be lower. 

Longitude also appeared to have a notable influence, pushing the predicted velocity 

downward in Figure 2-8 and Figure 2-9. In both cases, the observations were located in the 
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western part of Alaska, near the 160th meridian, which tends to be flatter in terrain and less 

mountainous when compared to the eastern regions of the state. This pattern is also 

replicated in the summary plot in Figure 2-7. 

Other patterns of influence can be seen as well. In Figure 2-8, the observation had 

only one meander in proximity to the site (n bends), whereas the observation in Figure 2-9 

had eight meanders in proximity to the site. It can be seen that having a large number of 

meanders pushes the expected value for velocity lower, meaning that a stream with a higher 

number of meanders has a lower velocity.  

2.4.4 RF model generalizability by channel width 

As mentioned previously, the Manning equation tends to fall short in accurately 

estimating velocity in streams with smaller widths. The Manning equation and the RF #3 

model are compared on the same dataset below in Figure 2-10. Note that the Manning 

equation was applied to the test set of the RF #3 model. A linear regression was fit to 

estimate the hydraulic radius from the channel width, as there is a high correlation between 

the two variables (from the data in the Manning equation model, the width and measured 

hydraulic radius had a correlation of 0.913). 
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a)                                                                      b) 

 

Figure 2-10: Comparison of velocity prediction error by stream width via the a) Manning equation 

and b) the best Random Forest ML model, RF #3. The ML model significantly reduces error across 

the range of channel widths. 

 

The left-hand graph reflects the generally higher prediction error of the Manning 

equation, especially in streams with smaller widths compared to larger streams. In the right-

hand graph, RF #3 also shows a comparatively higher prediction error on smaller streams. 

However, the magnitude of error is shown to be significantly lower in the RF #3 prediction 

overall when compared to the Manning equation estimate.  

2.4.5 Power estimation and velocity transects from select locations 

Following the SHAP analysis, power estimations and ADCP transects from 

selected sites are shown below in Figure 2-11 and Figure 2-12. These sites were also 

analyzed above using SHAP in Figure 2-8 and Figure 2-9 and compare a relatively large 

stream with a small stream. The heat maps are shown to provide a visual display of how 

velocity is distributed within the given sites. Note that the transects have been offset to 

display above the water surface for ease of viewing. The gap between the bottom of the 

heat map and the white line denoting the stream bed profile occurs because ADCP 



 37 

measurements generally cannot accurately characterize flow close to the riverbed due to 

moving debris and silt. 

 

 

Figure 2-11: ADCP Transect from Pilot Station, AK, shown on location 

Table 2-4: Velocity and power metrics for Figure 2-11 

Method Calculated Power 

Density [kW/m2] 

Velocity 

[m/s] 

Velocity Prediction 

Error 

Measured (USGS) 1.007 1.506  

Predicted (Manning) 2.055 1.910 26.83% 

Predicted (RF #3) 0.638 1.293 14.14% 

 

The power estimation shown assumes the Betz limit of 0.59 as the power 

coefficient. However, each turbine design should be assessed for its specific power 

coefficient, which can then be substituted to gain a more accurate estimate of power density 

specific to a particular device. While the average power density shown in Figure 2-13 may 

seem relatively low, Figure 2-11 shows that the power density over a significant portion of 

a river or stream transect can be strikingly high, up to 4 kW/m2 in the Yukon River. 
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A site measurement from Council, AK is also shown below in Figure 2-12. Note 

that the transect appears to not span the entire width of the stream to the right side of the 

bank. This is possibly the result of a slip-off slope as evidenced by the visible deposition 

on the right bank, which would induce an area too shallow to be captured by ADCP. 

 

 

Figure 2-12: ADCP Transect from Council, AK, shown on location 

Table 2-5: Velocity and power metrics for Figure 2-12 

Method Calculated Power 

Density [kW/m2] 

Velocity 

[m/s] 

Velocity Prediction 

Error 

Measured (USGS) 0.067 0.610  

Predicted (Manning) 0.217 0.903 48.03% 

Predicted (RF #3) 0.054 0.569 6.72% 

 

When comparing the above two sites, the stream velocity and expected power 

generation from the Council, AK site is significantly lower than in the Pilot Station site. 

The error in velocity is shown again for reference, as many commercially available 

hydrokinetic devices specify device performance based on a specific stream velocity [6]. 

Hydrokinetic turbines operate over a range of velocities, depending on the specific design, 
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so sites with lower predicted velocities, like in Council, AK, will be limited to designs that 

can produce a usable amount of power at that velocity. 

2.4.6 Spatial distribution of velocity and power density 

To give a better illustration of the spatial distribution of where low and high 

velocity streams were found, a map is shown in Figure 2-13 below, indicating where higher 

velocities and thus higher power predictions were found. This map is based on the reported 

velocities at the 59 gage sites in the larger dataset described in Section 2.3.3, based on the 

average calculated velocity for the summer months at each location. The availability of 

data in winter months was limited at many sites and thus is not shown here. 

 

 

Figure 2-13: Map of average power density on gaged locations during summer months 

 

In Section 2.4.3.2, it was found that for the observations analyzed with SHAP, the 

longitude variable appeared to push the predicted velocity lower for sites further west in 

Alaska. In Figure 2-13, it can be seen that for the sites that were available in the western 



 40 

portion of Alaska, the reported velocities were relatively lower. In the eastern regions of 

Alaska, however, more sites can be seen with higher velocities and thus higher power 

densities, particularly around and east of the 150th meridian. This can explain the predictive 

influence of the longitude variable from the SHAP analysis and why the expected value for 

velocity was influenced to be lower in more western sites, such as those closer to the 160th 

meridian line. In Figure 2-14, a topographical map obtained from [83] reflects that the 

clusters of high velocity streams seen above coincide with locations of high mountain 

ranges. 

 

 

Figure 2-14: Terrain map of Alaska [83] 

 

In particular, the Alaska Range in the southeast, the Brooks Range in the northeast, 

as well as the elevated area in the central eastern region coincide with locations where 

higher velocities were reported. 
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2.5 Conclusion 

This study contributed to the advancement of remote resource assessment for river 

hydrokinetic power through the development of a model to estimate stream velocity using 

remotely sensible data, validated by stream velocity gage readings. Using a dataset of 69 

observations across 9 unique locations where sufficient data for Manning parameters was 

available, a Random Forest model developed in this study showed a notable, 52% 

improvement in velocity estimation, with an MAPE of 22.23% when compared to the 

Manning equation which yielded an MAPE of 46.57%. A larger and more generalizable 

RF model was also constructed by training it on a dataset of 4,313 observations across 59 

unique sites in Alaska. After adding additional geometric, spatial, and temporal 

information and refining the model for most influential input variables, an RF model with 

an MAPE of 24.17% for stream velocity prediction was developed. Analysis of feature 

importance revealed that temporal and spatial information, as well as novel geometric 

parameters, had an important influence on the predictive accuracy of the developed RF 

model in this study. The model in this study can be applied to advance remote resource 

assessment efforts for hydrokinetic power in regions of interest.  
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Chapter  3: A multi-period GEP model for Arctic and northern 

communities considering both thermal and electric loads 

 

3.1 Introduction 

This study addresses the gaps in the literature described in Section 1.3.2 and the 

objectives in Section 1.4 by developing a comprehensive multi-phased GEP model that 

addresses both thermal and electric loads while also meeting financial objectives. Using a 

MILP optimization model, an optimal energy system plan is recommended for a case study 

of Pilgrim Hot Springs, Alaska. The unique geothermal resource present at Pilgrim Hot 

Springs will also be incorporated into the model for supplying thermal energy. This study 

also investigates the lumpiness effect of renewable technologies, namely wind, to 

determine if a reduced generator nameplate capacity can improve the optimal solution of 

the energy system plan. 

 

3.2 Methods 

3.2.1 Optimization model development 

The following sections outline the MILP optimization model developed for this 

study under a GEP framework. MILP was chosen specifically for its ability to solve both 

continuous variables such as power delivery, and discrete variables like capacity additions. 

GEP was selected as it is the conventional model of choice for a long-term energy horizon, 

where both the quantity and timing of capacity additions is important.  

The model will consider a mix of renewable technologies, including solar 

photovoltaic (PV), wind turbine (WT), and hydrokinetic (HK) power. Additionally, a diesel 
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generator (DG) will be modeled as well as a battery energy storage system (BESS). These 

generating technologies were selected based on the interests of the case study community 

to have a renewables-powered system, as well as to compare the economics of such a 

system to a system that includes diesel generated power. The BESS is also included to 

supply load balancing for the intermittent nature of the PV and WT technologies.  

3.2.1.1 Model nomenclature 

The following abbreviated terms and variable names are used in the model.  

 

Table 3-1: Nomenclature for optimization model 

Symbol Description  Units 

Sets and indices 

R Power generation technology type: {PV, WT, HK, DG, BESS}   

H Hour  {0, …, 288} , for one representative day per month  simulated over a  

year  

 

P Investment phase {1, 2, 3}  

B Building type (cabin, small hotel, microbrewery)  

Parameters 

D Number of days per month   

𝐶𝐶𝑟𝑝 Annualized capital cost of technology, r, in phase, p ($/kW) 

𝐹𝐶𝑟𝑝 Fixed O&M cost of technology, r ($/kW) 

𝑉𝐶𝑟𝑝  Variable O&M cost of technology, r ($/kWh) 

𝑆𝑔𝑟 Unit size of technology, r  kW 

𝑀𝑒𝑟  Maximum limit of expansion of technology, r kW 

𝐿ℎ𝑝 Electric demand per hour, h, and investment phase, p  kW 

MPrh Marginal production of technology, r in hour, h  fraction 

P_max The charge/discharge rate of the battery in kW, expressed as a fraction of 

total stored capacity in kWh 

fraction 

Decision variables  

g𝑟ℎ𝑝 Power produced per generation technology, r, in hour, h, and phase, p  kW 

c𝑟𝑝 Total capacity of each technology, r, in phase, p kW 

ce𝑟𝑝 Number of new capacity additions made for each technology, r, and in each 

investment phase, p  integer 

sochp The current state of charge of the BESS at hour, h, in phase, p kWh 
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3.2.1.2 Model objective function 

The objective of this model is to minimize the total annualized costs of the energy 

system, described by Equation (1): 

min 𝑧 = ∑ ∑(𝐶𝐶𝑟𝑝𝑐𝑒𝑟𝑝𝑆𝑔𝑟   +  𝐹𝐶𝑟𝑝𝑐𝑟𝑝)

𝑝∈𝑃𝑟∈𝑅

  + ∑ ∑ ∑(𝐷𝑉𝐶𝑟𝑝  𝑔𝑟ℎ𝑝)                      (1)

𝑝∈𝑃ℎ∈𝐻𝑟∈𝑅

 

The objective function, z, is defined as the sum of the annualized capital cost,  

𝐶𝐶𝑟𝑝, of each technology, r, multiplied by the built capacity, cerpSgr, in each phase, p. The 

fixed operations and maintenance (O&M) costs per kW built, 𝐹𝐶𝑟𝑝, are multiplied to 

cumulative built capacity in each phase, 𝑐𝑟𝑝, which also accounts for the operating costs of 

equipment built in previous phases. The variable O&M costs of each technology are also 

included and are defined as the operating cost per kWh, 𝑉𝐶𝑟𝑝, multiplied by the power 

delivered in each hour, h, in each phase, p. Since one representative day of each month is 

modeled in this system, each representative hour is multiplied by the number of days in its 

corresponding month obtain the total annual variable operating costs. 

3.2.1.3 Capacity constraints 

The total capacity of each generation technology, crp, is defined by the unit size of 

technology, Sgr, multiplied by the number of units constructed, cerp (2). In subsequent 

phases, the total installed capacity is equal to the sum of the capacity installed in previous 

phases and the new capacity installed in the current phase (3). 

Additionally, each technology is constrained by an upper limit of capacity, Mer (4). 

Mer is used to generate scenarios where only renewables or only diesel it built, which is 

discussed further in the results section. This upper limit of expansions often reflects land 
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availability limits, which is not considered in this model due to the small-scale nature of 

investments.  

𝑐𝑟𝑝 =  𝑐𝑒𝑟𝑝𝑆𝑔𝑟     ∀ 𝑟 ∈ 𝑅, ∀ 𝑝 ∈ 1,                                                                                            (2) 

𝑐𝑟𝑝 =  𝑐𝑒𝑟𝑝𝑆𝑔𝑟 + 𝑐𝑟(𝑝−1)     ∀ 𝑟 ∈ 𝑅, ∀ 𝑝 ∈ [2,3]                                                                   (3) 

𝑐𝑟𝑝 ≤ 𝑀𝑒𝑟     ∀ 𝑟 ∈ 𝑅, ∀ 𝑝 ∈ 𝑃                                                                                                     (4) 

3.2.1.4 Operating constraints 

The following constraints define the operating conditions of the system. In 

Equation (5), energy demand, Lhp, must be met by the supply from all generating 

technologies. The term Lhp is an electric load profile that represents both electric and 

thermal loads for space and water heating. The methods for constructing this combined 

load curve are described in Section 3.2.3.  

𝐿ℎ𝑝 = ∑ 𝑔𝑟ℎ𝑝

𝑟∈𝑅

     ∀ℎ ∈ 𝐻, ∀𝑝 ∈ 𝑃                                                                                             (5) 

In Equation (6), the energy delivered from each technology r is limited by the 

marginal production per kW installed, MPrh, of technology, r, multiplied by the total kW 

of installed capacity, crp, in phase, p. The term MPrh describes a capacity factor for each 

technology at each hour h, which for the intermittent renewable technologies is obtained 

from the data described in Section 3.2.2.3. 

𝑔𝑟ℎ𝑝 ≤ 𝑀𝑃𝑟ℎ𝑐𝑟𝑝     ∀ 𝑟 ∈ 𝑅\𝐵𝐸𝑆𝑆, ∀ℎ ∈ 𝐻, ∀𝑝 ∈ 𝑃                                                              (6) 

The following non-negativity and domain constraints also apply to the decision 

variables. Equation (7) ensures that generators cannot produce a negative amount of power, 

except for the BESS, which is described further in the next section. The capacity additions 

built in each phase, cerp, are positive and integer, which prevents the possibility of investing 
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in a fraction of a generator (8). In Equation (9), the total installed capacity, crp, must also 

be positive but belongs to the real domain, as the BESS modeled in this study is built in 

13.5 kW increments.  

𝑔𝑟ℎ𝑝 ≥ 0     ∀ 𝑟 ∈ 𝑅\𝐵𝐸𝑆𝑆, ∀ℎ ∈ 𝐻, ∀𝑝 ∈ 𝑃                                                                            (7) 

𝑐𝑒𝑟𝑝 ∈ ℕ     ∀𝑟 ∈ 𝑅, ∀𝑝 ∈ 𝑃                                                                                                          (8) 

𝑐𝑟𝑝 ∈ ℝ+     ∀𝑟 ∈ 𝑅, ∀𝑝 ∈ 𝑃                                                                                                          (9) 

3.2.1.5 Battery constraints 

The following constraints are specific to the operation of the BESS. In Equation 

(10), the power delivered to the BESS in each hour h is limited by the remaining power 

available from each renewable generating source after meeting the energy load. Diesel is 

excluded from the R domain to prevent unnecessary diesel consumption to charge the 

BESS. As mentioned above, 𝑔(𝐵𝐸𝑆𝑆)ℎ𝑝, the power delivered by the BESS, can be both 

positive and negative. A positive 𝑔(𝐵𝐸𝑆𝑆)ℎ𝑝 value signifies that the BESS is supplying 

power to the system (discharging), whereas a negative value indicates that the BESS is 

storing power from the system (charging). Equation (10) holds true regardless of if the 

battery is charging or discharging. 

−𝑔(𝐵𝐸𝑆𝑆)ℎ𝑝 ≤ ∑ [𝑐𝑟𝑝𝑀𝑃𝑟ℎ − 𝑔𝑟ℎ𝑝]

𝑟∈𝑅 \𝐵𝐸𝑆𝑆\𝐷𝐺

     ∀ ℎ ∈ 𝐻, ∀ 𝑝 ∈ 𝑃                                  (10) 

𝑔(𝐵𝐸𝑆𝑆)ℎ𝑝 ≤ 𝑆𝑂𝐶ℎ𝑝     ∀ ℎ ∈ 𝐻, ∀ 𝑝 ∈ 𝑃                                                                                  (11) 

𝑠𝑜𝑐0𝑝 = 0     ∀ 𝑝 ∈ 𝑃                                                                                                                   (12) 

𝑠𝑜𝑐ℎ𝑝 = 𝑠𝑜𝑐(ℎ−1)𝑝 − 𝑔(𝐵𝐸𝑆𝑆)(ℎ−1)𝑝     ∀ ℎ ∈ {1, … , 𝐻}, ∀ 𝑝 ∈ 𝑃                                        (13) 

𝑐(𝐵𝐸𝑆𝑆)𝑝 ≥ 𝑠𝑜𝑐ℎ𝑝     ∀ℎ ∈ 𝐻, ∀ 𝑝 ∈ 𝑃                                                                                       (14) 
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𝑔(𝐵𝐸𝑆𝑆)ℎ𝑝 ≤ 𝑃_𝑚𝑎𝑥 ∗ 𝑐(𝐵𝐸𝑆𝑆)𝑝     ∀ℎ ∈ 𝐻, ∀ 𝑝 ∈ 𝑃                                                               (15) 

−𝑔(𝐵𝐸𝑆𝑆)ℎ𝑝 ≤ 𝑃_𝑚𝑎𝑥 ∗ 𝑐(𝐵𝐸𝑆𝑆)𝑝     ∀ℎ ∈ 𝐻, ∀ 𝑝 ∈ 𝑃                                                           (16) 

The power supplied from the BESS in any hour cannot exceed its current sochp (11). 

In the first hour, the battery is initialized to have no stored energy (12). The subsequent 

sochp values are calculated as the previous hour sochp minus the power delivered by the 

battery to the system in the previous hour (13). Note, if the battery is charging, the power 

delivered is negative and thus the next sochp will reflect a higher sochp based on the new 

amount stored. Equation (14) ensures the battery does not attempt to store more energy 

than its built capacity. Equations (15) and (16) limit the discharge and charge rates of the 

BESS, respectively. For Tesla’s Powerwall, the storage capacity of each unit is 13.5 kWh, 

and the maximum rated charge and discharge is 7 kW [84]. This ratio is described by the 

term P_max. 

3.2.2 Data 

3.2.2.1 Case study background: Pilgrim Hot Springs, Alaska 

A once abandoned village approximately 60 miles from the city of Nome, Pilgrim 

Hot Springs is revitalizing into a hot springs resort. As implied by its name, Pilgrim Hot 

Springs is home to a unique geothermal resource, where a natural shallow aquifer on site 

produces surface water at temperatures as high as 58oC [85]. The naturally occurring pools 

provide significant value to the community, including as 1) a base for a hot springs tourist 

resort, 2) a unique geothermal aquifer which has attracted the attention of researchers for 

decades [86], and 3) a natural source of thermal energy for on-site facilities. Historic 

documents reveal that the community, which once housed a saloon and roadhouse and then 
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a Catholic orphanage with several buildings, used the hot spring water for space heating of 

buildings in the winter [87]. 

 

 

Figure 3-1: Pilgrim Hot Springs location and key features including surface hotspot locations from 

[85] 

 

Pilgrim Hot Springs has ambitious plans for infrastructure to be built over the next 

few decades, including cabins for camping, some of which have been already built, a small 

hotel, and a microbrewery operation, as described in Table 3-2. 

 

Table 3-2: Description of expansion phases, based on desired buildings by Pilgrim Hot Springs 

Phase Time period Description 

Phase 1 0 – 10 years 5 cabins 

Phase 2 10 – 20 years 5 cabins + small hotel 

Phase 3 20 – 30 years 5 cabins + small hotel + microbrewery 

 

The community intends to run a seasonal operation between the months of May and 

October, which is taken as the operating timeframe in this study. Pilgrim Hot Springs is 

currently owned by Unaatuq, LLC, a collection of seven organizations that own the land. 
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Two of the owner organizations, Bering Straits Native Corporation and Kawerak Inc., 

manage the daily operations of the site. The Board of Directors of Unaatuq, LLC are the 

key decision makers surrounding the investment choices for the energy system as well as 

the intended development plans outlined in Table 3-2. 

3.2.2.2 Cost data for generation technologies 

Cost data for the generation technologies, which included capital, operating, and 

fuel costs, are summarized below in Table 3-3. For the cost of capital per kW, a discount 

rate of 8% was applied and annualized over a 25-year project period.  

 

Table 3-3: Capital and operating costs for technologies used in model 

 PV WT HK DG BESS 

𝑪𝑪𝒓𝒑 [$/kW] 1521, 70, 33 2251, 104, 48 7382, 342, 158 2211, 102, 47 1421, 66, 30 

𝑭𝑪𝒓𝒑 [$/kW] 151, 7, 3 261, 12, 6 3152, 146, 68 351, 16, 8 251, 12, 5 

𝑽𝑪𝒓𝒑 [$/kWh] 0 0 0 0.0061+ Fuel costs 0 

𝑺𝒈𝒓 [kW] 1 100 25 8 13.5 

𝑴𝒆𝒓 [kW] 10,000 10,000 10,000 10,000 10,000 

1Obtained from EIA Annual energy outlook [88] 
2Based on estimated overnight costs from [89] 
 

For 𝐶𝐶𝑟𝑝 and 𝐹𝐶𝑟𝑝, the costs of phases 2 and 3 are discounted back to year 0, or 

phase 1 using a discount rate of 8%, as reflected by the descending costs shown below. The 

values for 𝑉𝐶𝑟𝑝 in phases 2 and 3 are also discounted but are not shown, as the fuel costs 

are varied in different scenarios. The fuel cost included in VCrp is expressed as costs per 

kWh. A study of typical diesel generators in Alaska [90] showed that 1 gallon of diesel 

produces 12 kWh of electricity.  

The unit size of technologies, Sgr, was selected based on commercially available 

devices for wind turbines [91], diesel generators [92], and the BESS system [84]. Solar PV 
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panels are highly flexible in size availability and were assumed to be 1 kW per panel, and 

the hydrokinetic generator was based off the capacity of an existing model from Ocean 

Renewable Power Company (ORPC) installed in Igiugig, Alaska [93].  

Due to the small scale of energy needs, an arbitrarily high Mer was assigned to the 

generation technologies as to not restrict production of any technology in the model. 

However, this parameter was used in sensitivity analyses, to model a purely renewables 

and purely diesel system. 

3.2.2.3 Hourly energy supply data 

To model accurate representative days, hourly data is required for wind and solar 

specific to the site. This data was obtained from Renewables Ninja [94], using historic wind 

speed and solar data at an hourly resolution from the year 2020. From this data, an averaged 

representative 24 hours was generated for each month of the year. Since the wind speed 

was provided in [94], the hourly power generation from the wind turbine was estimated 

using the power curve for the NW100 turbine model built by Northern Power Systems [91]. 

This model was chosen as it is among the turbines that is designed for an Arctic climate, 

and it has a relatively small generating capacity of 100 kW suitable for a small community 

development. Other Arctic turbines exist in the market, but those models operate on the 

MW scale. 

3.2.2.3.1 Applying the velocity prediction model from Chapter 2 to obtain  

hydrokinetic power availability in Pilgrim Hot Springs 

Local stream velocity data was not available in the NWIS dataset for the Pilgrim 

Hot Springs location. However, velocity of the local stream can be predicted using the RF 

#3 model developed in Chapter 2, as the input data required are remotely sensed. The 
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necessary input data for the Pilgrim Hot Springs site was collected using ArcGIS maps [5] 

and DEM software [37]. The RF #3 model predicted that the stream velocity at the site near 

Pilgrim Hot Springs was 0.66 m/s. To estimate the hydrokinetic power generating potential, 

this velocity was input to a power curve from ORPC's RivGen generator [95], which was 

developed from field tests of this turbine 25-kW turbine design. The power curve 

calculation, which replaces Equation (1) for calculating power, found that 0.66 m/s would 

produce less than 2 kW of power, using its 25-kW turbine design. 

3.2.2.4 Hourly energy demand data 

The energy demand for this model is based on the planned buildings, their size, and 

expected occupancy. As summarized in Table 3-2, the buildings to be constructed over the 

3-phase, 30-year period, include 5 small cabins, a 10-person hotel, and a small 

microbrewery operation. Since this model is comprehensive of all energy needs, data is 

needed for electricity, space heating, and hot water for the aforementioned building types. 

Data from the American Society of Heating, Refrigerating and Air-Conditioning Engineers 

(ASHRAE) provides electricity, space heating, and hot water use per square foot for 

various building types specific to the climate zone in Alaska and was used in this study for 

monthly data [96]. To obtain more granular data, DER-CAM software was used to generate 

hourly consumption profiles of each type of energy need for a representative day of each 

month [97]. For the hotel, load profiles for electricity, space heating, and water heating 

were modeled, whereas for the microbrewery and cabins, it was assumed that no hot water, 

outside of the needs of the brewing equipment, would be required. The above data sources 

provided building data which was measured in Fairbanks, Alaska, as this was the closest 

location to Pilgrim Hot Springs and the Nome region that had energy data available. 
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In addition to regular building energy needs, the microbrewery will have a unique 

energy profile based on the brewing process. Energy data specific to microbrewery 

equipment was collected on an hourly level from a study by Conduah et al. [98] and is used 

here to generate a 24 -hour electric load profile. The study in [98] analyzed a brewery that 

produced 800-litre batches of beer. In this study, the energy consumption will be scaled 

down to accommodate a 100-litre batch, which is the assumed production capacity as 

described in Section 3.2.4.2. 

As mentioned in Section 3.2.2.1, the buildings in the model will be open from May 

to October. Throughout the winter months, the hotel and microbrewery will only require 

energy for space heating to protect the buildings from cold weather, and it is assumed the 

small cabins will not require any energy in the winter.  

3.2.2.4.1 Brief description of building sizes 

This section describes some of the basic features and underlying assumptions of 

each building. Details on the energy load profiles are described in the next section. Starting 

in phase 1, 5 cabins will be built for use in the summer months. Some of these cabins have 

already been installed on site, and the cabins are estimated to be 250 square feet in size. 

The small hotel built in phase 2 will consist of 10 guest rooms, a lounge, and a 

dining area, which suits the commercial interests of the community. The building size was 

calculated assuming 300 square feet per guest room and occupation densities for other 

room types from ASHRAE [96]. The total square footage of the hotel was estimated to be 

4,361 square feet. 

The microbrewery will be built in phase 3 as a warehouse type building and will be 

a small 1-barrel operation. This size was determined based on the expected sales and 
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demand outline in section 3.2.4.2. The microbrewery building was assumed to be 500 

square feet, based on estimates for a 3-barrel system [99]. This is slightly larger than what 

is likely required, but it will allow flexibility for inventory and barrel storage if production 

is to be increased in the future. 

3.2.3 Developing the electric load profile, Lhp 

This section describes the development of the community electric load profile, 

which is visualized in Figure 3-2. The electric load profile encompasses all the energy 

needs for the community, including electricity, space heating, hot water, and the 

microbrewery equipment. Electrifying the thermal loads is an important step to 

decarbonizing the thermal energy resource and to harness the geothermal reservoir 

potential at Pilgrim Hot Springs. While the sources of energy demand data were 

summarized in Section 3.2.2.4, the process for converting the thermal load profiles, 

particularly space heating and hot water, into electric loads for the GEP model, is outlined 

below.  
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Figure 3-2: Construction process of electric load profile 

 

The total electric load for the community, Lhp includes the electricity required to 

supply both thermal and electric needs as described above. Lhp for each hour, h, in phase, 

p, is calculated as: 

𝐿ℎ𝑝 = 𝑃_𝑏𝑟𝑒𝑤ℎ𝑝 + ∑(𝑃_𝑒𝑙𝑒𝑐ℎ𝑏𝑝 + 𝑃_𝑆𝐻ℎ𝑏𝑝 + 𝑃_𝐻𝑊ℎ𝑏𝑝)

𝑏∈𝐵

     ∀ ℎ ∈ 𝐻 , 𝑝 ∈ 𝑃         (17) 

The term, P_elechbp is the demand for direct electric needs, such as lighting and 

receptacle loads, P_SHhbp is the electric load required to operate the space heating system, 

P_HWhbp is the electric load required to operate the hot water heater, and P_brewhp is the 

electric load specific to the brewing process in the microbrewery. These curves model the 

load at each modeled hour, h and are specific to each building type, b, in phase, p. 

3.2.3.1 Electrifying the space heating load, P_SHhbp 

The space heating for Pilgrim Hot Springs can be supplied primarily by piping hot 

water, by electrical means, from the natural springs through the buildings. This method of 
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heating was used by previous communities on the same site that housed several buildings 

[87] and is the method of heating used in this model as well. Based on the reported surface 

temperatures at the site [86], it is assumed that hot water at approximately 50oC can be 

supplied to a hydronic baseboard heating system. Commercially available hydronic 

baseboard heaters exist [100] that can operate at inlet temperatures as low as 120oF 

(48.9oC). From [100], hydronic heaters are available that can deliver space heat, ranging 

from 1.4 kW at 1 GPM flow to 5.2 kW at 3.5 GPM. Using data from [100] as a reference 

model, the required flowrate of hot water to deliver adequate heating can be calculated as  

�̇�_𝑆𝐻ℎ𝑏𝑝 =  
𝑄ℎ𝑏𝑝

(
𝑄_𝑜𝑢𝑡

�̇�_𝑏
)

                                                                                                                  (18) 

The term �̇�_𝑆𝐻hbp [m
3/s] is the required volumetric flowrate of hot spring water at 

hour, h, for building type, b, through the hydronic baseboard system. To calculate V̇_SHhbp, 

the heating demand, Qhbp [kW] is divided by the rate of heat delivered by the hydronic 

baseboard system, Q_out, at a specified flowrate, V̇_b. Knowing the required flowrate, 

electrical input power for the system is calculated using Equation (19) for power delivered 

to water via a pump from [66] as 

𝑃_𝑆𝐻ℎ𝑏𝑝 =  
1

𝜇
𝜌𝑔ℎ�̇�_𝑆𝐻ℎ𝑏𝑝                                                                                                       (19) 

In Equation (19), P_SHhbp is the electrical power in kW required to pump the water, 

ρ is the water density, taken at 50oC, 𝑔 is 9.81 m/s2 , and h is the maximum height that the 

water will be pumped. A pump efficiency, 𝜇, of 0.75 was assumed. Each building is 1 story 

or approximately 3-meters (m) tall, the water will be pumped from a depth of 3-m, well 
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below the frost line of about 1.83-m in western Alaska [101], which collectively form the 

pumped height of the water, h. From Equation (19), the electric load profile for the space 

heating system is created. 

The system described above has many similarities to conventional building heating 

systems that rely on hydronic baseboards. The principal difference here is that, due to the 

surface presence of the geothermal energy, the water is already preheated and does not 

require additional energy input aside from circulation. Thus, the hot water is directly 

circulated from the ground as opposed to a gas or electrically heated boiler stored in the 

building. As such, the cost for this heating system was not calculated separately as the 

building costs used in Table 3-4 account for heating equipment as well.  

This direct use of geothermal differs significantly from geothermal power plant 

applications, such as a Kalina or Rankine cycle, which would require significantly more 

investment due to the equipment and energy required to compress and expand the working 

fluids. This type of cycle was considered early on in the study as a potential alternative, 

which could provide both heat and electricity. This option was not pursued, however, 

because the small-scale nature of the community demand would make the large-scale  

investment associated with a geothermal power loop financially challenging. Furthermore, 

the temperatures of the geothermal water at Pilgrim Hot Springs are around 50oC, which 

would limit the efficiency of a Kalina or Rankine cycle. As described in [102], these types 

of power cycles work best at higher operating temperatures. For a geothermal power plant, 

operating temperatures of 150oC to 370oC would typically be required [103]. 

3.2.3.2 Electrifying the hot water load, P_HWhbp 
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The design of the hot water system can also benefit from the 50oC water available 

from the shallow aquifer and is modeled electrically here. As the water is significantly 

preheated, the additional energy required to meet a storage tank temperature of 80oC, as 

required by ASHRAE standards [104], can be supplied via electric resistance heating to 

the water tank. Using energy load profiles from [96] and [97], as well as per capita 

consumption estimates from [105], volumetric hot water consumption profiles were 

created. For the small hotel, the expected flowrate of hot water, �̇�_𝐻𝑊ℎ𝑏𝑝, varied 

throughout the day following demand and ranged from 10 to 70 litres per hour. The 

electrical input to heat the tank water is then calculated using the thermal energy equation 

from [106] as 

𝑃_𝐻𝑊ℎ𝑏𝑝 = �̇�𝐶𝑝∆𝑇 =  𝜌�̇�_𝐻𝑊ℎ𝑏𝑝𝐶𝑝∆𝑇                                                                             (20) 

The density, ρ, and specific heat capacity, Cp, is used for water at 50oC, flowing at 

a volumetric flowrate as per the demand of hot water, �̇�_𝐻𝑊ℎ𝑏𝑝. The temperature rise, ∆𝑇, 

is 30oC.  

3.2.3.3 Summary of demand data 

In summary, the demand data used to construct the electric load profile in this 

model was developed based on historic consumption data. The building demand data 

utilized was developed by ASHRAE for Fairbanks; however, this was the closest location 

to Pilgrim Hot Springs with available data. This is likely not entirely representative of 

Pilgrim Hot Springs weather, which is in western Alaska near the coast whereas Fairbanks 

is further east in the interior of Alaska. Uncertainties in the load profile as a result of these 

assumptions may require additional BESS reserve capacity, for example, if peak demands 

were to exceed what the current data reflects. Future field campaigns could benefit 
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modelling efforts by collecting consumption data from regions in western Alaska, which 

would lead to more accurate load profiles. 

3.2.4 Economic analysis of building types 

The primary goal of this study is to design an energy system that meets the 

community’s projected energy demand, at minimum cost. The projected energy demand is 

a result of the community’s economic development plan, in particular, expanding the 

existing camping site into a small-scale tourist destination. In addition to analyzing how to 

build out the energy system to meet these goals, decision-makers in the community would 

also like to know how economically viable their development plans are. The economic 

analysis of the community’s current plan is presented here, as a starting point for 

discussions with the community. Any changes to the desired build-out of the site, such as 

increasing or decreasing the size of the hotel, will affect the optimal energy investment 

plan.  

Economic feasibility is assessed via the payback period, considering the electricity 

rate of the chosen energy system (see Section 3.2.4.3 for more details on the electricity 

rates). An economic payback period is calculated using the net present value (NPV) to 

determine if financial costs can be recouped within a reasonable timeframe. The NPV is 

calculated as 

𝑁𝑃𝑉 =  ∑
𝑅𝑡−𝐶𝑡

(1+𝑖)𝑡
𝑁
𝑡=1 − 𝐼0                                                                                                              (21)         

The term Rt is the revenue in year, t, Ct represents the expenses and operating costs 

in year, t, i is the discount rate, and Io is the cost of the initial investment [107]. The initial 

investment includes the cost of building construction, furnishings, and equipment, where 

Ct are the operating costs, including the costs of energy. The NPV analysis is utilized as it 
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accounts for the reduced present cost of delaying investment decisions to further phases, 

when possible. For this study, a discount rate of 8% is used, and the revenue and costs are 

outlined in the following sections. 

3.2.4.1 Hotel economic analysis 

A summary of the key parameters used in the economic analysis for the small hotel 

is shown below in Table 3-4. Square foot construction costs were approximated based on 

reported average costs for a 3-star hotel by [108] to be $217.50 per square foot. A remote 

inflation factor of 30% was added to this cost. Additional costs include interior furnishings, 

which typically account for an additional 9% of construction costs [108].  

 

Table 3-4: Financial metrics for hotel 

Metric Value Notes/source 

Construction costs (per ft2) $282.75 Based on costs for mid-range, 3-star hotel [108], 

plus 30% remote inflation factor 

Square footage 4,361 ft2 Calculated in section 3.2.2.4.1  

Furnishings  $117,429.71 Typically 9% of construction costs [108] 

Room rates   

2 rooms @ $90 Affordable rate for locals 

6 rooms @ $200 Per diem rates for Nome [109], suitable for tourists 

too 

2 rooms @ $260 Higher value rooms for tourists 

Occupancy rate 60%  

Food revenue (/person/day) $95 Per diem rate for Nome [109] 

Profit margins on 

accommodation 

17 – 35% Estimates from [110] and [111], excluding energy 

costs 

Profit margins on food 20% Estimate from [111] 

Annual energy consumption 20.2 MWh Assuming 6-month seasonal operation 

 

Two rooms are set at an affordable rate for local visitors, while the majority of 

rooms are rated based on the government per diem accommodation allowances specific to 

the Nome area [109]. It is expected that many visitors will be researchers or government 

officials. Two additional rooms are charged at a higher rate to accommodate those who 
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might desire a larger room. In addition to construction costs and revenue, operating 

expenses must also be calculated. Without detailed, location specific data, these expenses 

can be difficult to estimate, but for the purpose of this study, a range of profit margins were 

considered. Note that the energy costs will vary per the recommended energy system as 

well as other systems that will be compared in Section 3.3.3. 

3.2.4.2 Microbrewery economic analysis 

A similar economic analysis is also calculated for the microbrewery. The 

microbrewery equipment is to be situated in a warehouse-type building and will operate 

from May to October along with the small hotel. The metrics in Table 3-5 are used in the 

economic analysis in Section 3.3.3. 

 

Table 3-5: Metrics for economic analysis of microbrewery 

Metric Value Notes/Source 

Construction costs (per ft2) $325 RSMeans 2021 [112] + 30% remote inflation factor 

Building square footage 500 Based off small microbrewery example [99]  

Brewing equipment cost $60,000 Estimated cost for small system [113] 

Production costs per barrel $254.83 Material and labor costs, estimated from [114] 

Production capacity 100L Approximately 1 barrel, output per batch 

Seasonal beer production 4,800L  

Annual energy consumption 3.04 MWh Assuming 6-month seasonal operation 

Price per pint in taproom $7.00 Excluding 5% sales tax in Alaska for beer 

Price per growler sold $20 Comparable to other breweries in Alaska 

Price per barrel sold to wholesaler $300 Typical selling price for barrels 

 

State laws in Alaska limit taproom sales to 2.25 pints per person [115], so it is 

assumed that 50% of visitors will consume alcohol on site at 2 pints per person. The laws 

do, however, allow for additional sales for offsite consumption such as through growlers 

and cans. The brewery can also sell barrels to wholesalers for distribution in other areas. 

To be conservative, it was assumed that the establishment could sell 2 growlers per day 
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and 2 to 3 barrels per month to a wholesaler. Selling the beer in growlers and barrels means 

that additional equipment for canning will not be required, which would increase capital 

costs.  

3.2.4.3 Electricity rate calculations 

To account for energy costs in the buildings, an electricity rate (ER) rate is 

calculated that will be charged to the building owners. The ER is measured in ($/kWh) and 

is calculated as 

𝐸𝑅 =
𝑎𝑛𝑛𝑢𝑎𝑙𝑖𝑧𝑒𝑑 𝑠𝑦𝑠𝑡𝑒𝑚 𝑐𝑜𝑠𝑡𝑠

𝑘𝑊ℎ 𝑒𝑛𝑒𝑟𝑔𝑦 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑 𝑝𝑒𝑟 𝑦𝑒𝑎𝑟
                                                                            (22) 

The annualized system costs are calculated from the optimization of the objective function,  

Equation (1), and the energy consumption is based on the load profiles described in Section 

3.2.2.4. Each phase will have a different ER, as the demand and built capacities vary per 

phase. An average ER between all 3 expansion phases was calculated and is applied in the 

economic analysis in Section 3.3.3. 

 

3.3 Results and discussion 

3.3.1 Optimization model results 

The following subsections outline the expansion phase results obtained from the 

GEP model. Three scenarios are modeled: the lowest cost scenario considering all available 

generation technologies (Scenario 1), the lowest cost plan for a purely renewables system 

(Scenario 2), and the sensitivity of the lowest cost system to fuel prices (Scenario 3). 

Sample time-series curves are shown for some models to highlight key patterns and 

observations. For these models, the full time-series plots can be found in Appendix A. 
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3.3.1.1 Results for Scenarios 1 and 2 

The lowest cost expansion phase plan, Scenario 1, is presented below in Figure 3-3, 

which consists of a hybrid diesel-PV energy system. It is assumed that the price of diesel 

is $5.30 per gallon, the current average price in Alaska at the time of this study. The 

expansions in each phase are shown separately, as well as the annualized costs pertaining 

to each expansion phase. The annualized costs, denoted by the green line, have been 

discounted to year 0, or phase 1, which reflects the present value of all the investment 

decisions. The nameplate capacity sizes for each technology in Figure 3-3, Sgr, follow the 

values outlined previously in Table 3-3. 

 

 

Figure 3-3: Scenario 1: Multi-phase optimal expansion plan under assumed nameplate capacities 

 

As seen above, the lowest cost scenario consists of a hybrid diesel-solar system. 

The total annualized cost of all 3 phases in Figure 3-3 is $11,364, and a total installed 

capacity of 16 kW diesel and 41 kW PV. The GEP model restricts capacity additions to 

integer values, which represent nameplate capacities of commercially available generators 

(see Sgr in Table 3-3). The impact of this constraint is seen in the investment decisions 
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shown in Figure 3-3. The initial expansion phase has a significant amount of diesel (8 kW) 

compared to solar (2 kW), which is due to the lumpiness, or integrality restriction, on the 

power generation capacity additions. The daily load curve in Figure 3-4, helps to visualize 

some of the system interactions that lead to the phase 1 investment decisions. While peak 

daily load is less than the 10 kW installed nameplate capacity, a diesel generator is required 

to meet demand when the sun is not shining (hours 1 – 6). Since the diesel generator is only 

available in 8 kW increments, that is what is required in phase 1. Since solar PV has no 

associated operating costs, phase 1 sees a 1 kW investment, to reduce the operating cost 

associated with continually operating the diesel generator. Phases 2 and 3 see a significant 

expansion in solar investment due to its low operating cost. Investment in a second diesel 

generator is not necessary until phase 3, when demand increases significantly due to the 

addition of the microbrewery onsite.  

 

 

Figure 3-4: Sample daily load curve for representative day in July for system in Figure 3-3, Phase 1 

 

The necessity for diesel can also be observed in Figure 3-4, where the early morning 

and late evening electricity demands cannot be met by solar PV. Similar patterns can be 

observed in phases 2 and 3, the load curves of which are shown in Appendix A. In phases 
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2 and 3, the winter heating needs of the small hotel and microbrewery are supplied 

primarily by the diesel generators. Although the electricity requirement in the winter for 

space heating is significantly less than the loads during the operating season, solar PV has 

very little availability in the winter and cannot meet this load.  

Interestingly, the lowest cost system is not entirely diesel powered. The reduced 

fuel consumption and variable O&M costs as a result of using PV in the afternoon hours, 

illustrated in Figure 3-4, results in a system that is more economic. Most northern 

communities, however, are currently completely diesel because that was the available 

technology when communities were electrified, which started in the late 1960s in Alaska 

[116]. At today’s costs and commercially available technologies, a PV-diesel system is 

preferable for a greenfield site.  

Figure 3-5 shows the results for Scenario 2, the lowest cost scenario solution for a 

purely renewables system without any diesel generators is shown. This scenario models  

the expressed interest of the community to achieve diesel independence. To constrain the 

model to not invest in diesel, the upper limit of capacity, Mer, of diesel was set to 0. 

 

 

Figure 3-5: Scenario 2: Multi-phase optimal expansion phase plan for a purely renewables system 
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The purely renewables system in Figure 3-5 has a total annualized cost of $17,849. 

This system costs 57% more to build and operate across all three build phases than the 

hybrid diesel-PV system in Figure 3-3. The total installed capacity at the end of phase 3 is 

100 kW wind, 46 kW PV and 40.5 kW BESS, which represent an increase in system size 

of over 2-fold compared to Scenario 1. In phase 1, only the small cabins are installed, which 

only have load requirements during the operating months from May to October. This 

coincides with the months where sunlight hours are increased, making PV a suitable 

investment choice for phase 1. As shown in Figure 3-6, PV produces excess power in the 

afternoon, which is stored by the BESS, shown by the blue line (i.e. increasing charge level 

of the battery). The stored energy is released from the BESS during early morning and 

evening hours when the solar resource is not available; battery discharge is shown by the 

decreasing charge level during those hours. 

 

 

Figure 3-6: Sample daily load curve for representative day in July for system in Figure 3-5, Phase 1 
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Figure 3-6 also demonstrates the suitability of PV in meeting small electric loads, 

as PV can be built 1 kW at a time. This is a limitation with wind under the commercially 

available designs, which can only be built 100 kW at a time. This limitation extended to 

the assumed BESS system, which can only be built in increments of 13.5 kW, and as seen 

above, has excess capacity of what is needed in phase 1. The wind investment comes later 

in phase 2, as it can meet the winter load of  the small hotel, as well as the increased load 

in the early morning from the small hotel when PV is not available. In phase 3, additional 

solar PV and BESS units are invested in to meet the increased daytime load from the 

microbrewery. The complementary nature of PV and wind availability throughout the day 

is demonstrated in Figure 3-7, where the morning and late evening hours are mostly 

fulfilled by wind power aided by BESS, with solar PV supplying the afternoon and early 

evening load.  

 

 

Figure 3-7: Sample daily load curve for representative day in July for system in Figure 3-5, Phase 3 
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It should be noted that the model occasionally uses BESS power at an hour where 

wind and PV can already meet the electric load. This does not affect the optimal solution, 

however, as there are no variable operating costs associated with the use of BESS, and it 

was found that the model will store the maximum BESS charge level prior to peak load 

hours where it is needed the most. 

3.3.1.2 Scenario 3: sensitivity to fuel prices 

As this paper is being written, petroleum and diesel prices are reaching 

unprecedented levels due to several factors disrupting the global economy [117]. In late 

May 2022, the remote village of Noatak, Alaska reported fuel prices as high as $16 per 

gallon [118], illustrating the disproportionate effect that fuel shortages and price volatility 

have on remote communities. Table 3-6 below shows the effect of increasing fuel prices 

on the annualized costs for the diesel hybrid system built in Figure 3-3.  

 

Table 3-6: Effect of diesel price increase on annualized costs of energy system in Figure 3-3 (Scenario 

1) 

Diesel price ($/gallon) Annualized costs ($) 

$5.30 $11,364 

$7.00 $13,306 

$11 $17,878 

$14 $21,306 

$16 $23,593 

 

A noticeable increase in annualized operating costs can be seen with increasing fuel 

prices. If the fuel price were to rise from the current average of $5.30 per gallon to $16 per 

gallon, the price recently reported in Noatak, the annualized operating costs would increase 

by 108%. Furthermore, the annualized costs for operating the system in Scenario 1 (Figure 

3-3) would reach $17,878 per year at a diesel price of $11 per gallon, breaking even with 
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the costs of the purely renewables system in Scenario 2 (Figure 3-5). The sensitivity of 

Scenario 1 to diesel price highlights the increased economic competitiveness, and stable 

operating cost, of a renewables-only system (Scenario 2). 

Limited data is available that captures the most recent fuel price increases observed 

in spring and early summer of 2022. However, data from the Department of Commerce, 

Community, & Economic Development [119] illustrates the occurrence of high fuel prices 

in small communities up until early 2022. 

 

 

Figure 3-8: Histogram of fuel prices in Alaska, 2015 – 2022 [119] 

 

It can be seen that although the $16 per gallon fuel price reflects a more recent trend 

than the available data above, the histogram of fuel prices spans a large price range well 

beyond the current average price of $5.30 per gallon, highlighting the unpredictability of 

energy prices in a diesel-based system.  

 Aside from global market and supply factors, another source of fuel price increases 

is from carbon pricing. Adding a carbon price to Scenario 1 can show the effects on the 
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system costs by adding a cost per ton of CO2 to the existing $5.30 per gallon, as that current 

price does not account for cost of carbon. According to the EPA [120], one gallon of diesel 

emits approximately 10.18 x10-3 metric tonnes of CO2. Based on this ratio of CO2 to gallons 

consumed, a carbon price is added to the variable operating costs in Scenario 1 to determine 

iteratively when its annualized costs would reach $17,878 per year, or $11 per gallon as 

indicated in Table 3-6. This is the breakeven price when comparing Scenario 1 to the purely 

renewables system in Scenario 2. It was found that a carbon price of $168.20 USD per 

tonne CO2 added to Scenario 1 would push its annualized cost to the breakeven price for 

Scenario 2, or $11 per gallon. Although there is currently no carbon price in Alaska, the 

projected carbon price in Canada by 2030, for comparison, is expected to be $170 CAD 

($132.40 USD) [121], indicating that a price of $168.20 USD is not out of range of near-

term changes in government policies. 

3.3.2 Scenario 4: Analysis of lumpiness effect, the integrality constraint on 

nameplate capacity 

This section investigates the lumpiness effect of generation technology sizes on the 

optimal solution of the GEP model. As discussed in Section 1.3.2, this effect is exaggerated 

particularly for wind turbines, as the wind turbine referenced in this study is rated at 100 

kW and is if course not divisible. In this scenario, the model assumes each technology, 

including wind and diesel generators as well as the BESS, can be installed in 1 kW 

increments like the solar PV panels. This is effectively modeled by reducing the Sgr term 

of each technology to 1 kW. This relaxation results in a discrete solution at a 1 kW 

increment for the generation capacity additions, with the lowest cost investment plan  

shown below in Figure 3-9.  
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Figure 3-9: Scenario 4: Multi-phase optimal expansion phase plan assuming 1 kW expansion 

increments 

 

The total annualized cost in Figure 3-9 (Scenario 4) is $9,302, an 18% decrease 

compared to the lowest cost scenario in Figure 3-3 (Scenario 1), which was constrained to 

nameplate capacities of commercially available capacities. The total capacity at the end of 

phase 3 is 31 kW wind, 33 kW PV, 9 kW diesel, and 8 kW BESS. By assuming any 

technology can be built in 1 kW increments, the model builds each technology exactly to 

size, overcoming the fractional investment issue discussed by Schell et al. [55]. The results 

in Figure 3-9 also reflect the true amount of diesel required to meet demand. Figure 3-9 

shows that only 1 kW of diesel is required in phase 1. In phase 2, a significant investment 

in wind is observed, as well as PV and BESS. By not forcing the model to overbuild diesel 

in phase 1, combined with flexible nameplate capacities, larger investments of wind in 

phases 2 and 3 become economically superior to having just diesel and PV.  

Since the case study community has expressed interest in building a system without 

diesel, an optimal purely renewable system under flexible nameplate capacities is 

investigated below in Figure 3-10, as Scenario 5. The optimal expansion plan below also 
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assumes 1 kW increments of all technologies can be built, as well as that no diesel 

generators are to be constructed.  

 

 

Figure 3-10: Scenario 5: Multi-phase optimal expansion phase plan assuming 1 kW expansions and no 

diesel 

 

In the absence of diesel, it is demonstrated above that wind becomes an increasingly 

optimal choice, combined with an increase in PV and BESS. This is because wind is 

available in the evening and early morning hours as well as in the winter when PV power 

is absent. The total annualized cost for Scenario 5 is $12,734. The total capacity at the end 

of phase 3 is 48 kW wind, 70 kW PV, and 74 kW BESS. Compared to Scenario 2, the 

overall investment plan is lower in installed generating capacity, and higher in BESS, 

which highlights the recent cost-competitiveness of BESS. 

In reality, wind turbines cannot feasibly be constructed 1 kW at a time, but Figure 

3-9 and Figure 3-10 reveal that if available in the appropriate size, wind can potentially 

become a more viable source for small communities like Pilgrim Hot Springs to harness, 

giving it a comparable investment flexibility to PV panels. Other small communities in 
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Alaska, particularly the village of Kongiganak, have increased their use of wind by 

installing refurbished turbines to increase the share of wind power in their energy systems 

at an affordable cost [122]. This project emphasized the use of parts that local technicians 

could be trained on to install and maintain [123]. Enlisting local talent and innovation as 

was done in Kongiganak could help increase the financial suitability of a larger investment 

in wind.  

Based on the results of Figure 3-10, a Scenario 6 is modeled, which assumes wind 

turbines can be built in 20 kW increments and the BESS can be built in 7 kW increments, 

as this fits the general pattern of construction in Figure 3-10. The recommended system 

under these assumptions is shown below in Figure 3-11.  

 

 

Figure 3-11: Scenario 6: Recommended multi-phase expansion plan assuming availability of 20 kW 

WT and 7 kW BESS 

 

It is interesting to observe the steady increase in each generation technology with 

subsequent phases above. The three technologies work harmoniously to meet the electric 

load throughout the day. This harmonious nature is demonstrated in Figure 3-12, where 
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wind and BESS supply electricity early in the day, whereas PV and wind together can 

exceed the electric demand in the afternoon and early evening, the excess of which is stored 

in the BESS. 

 

 

Figure 3-12: Sample daily load curve for representative day in July from Phase 3 of energy system in 

Figure 3-11 

 

The system in Figure 3-11 has a total annualized cost of $13,525. The total capacity 

at the end of phase 3 is 60 kW wind, 60 kW PV, and 70 kW BESS. Compared to the purely 

renewables system modeled in Scenario 2 (Figure 3-5), the recommended system above 

has a total annualized cost that is 24% lower. By finding optimal generator sizes and 

allowing the model to invest in sufficient amounts of capacity in each phase without 

overbuilding, a suitable system can be built at a significantly reduced cost. These results 

can inform manufacturers of wind turbines and BESS systems of nameplate capacities that 

are suitable for smaller communities like Pilgrim Hot Springs and should be made available 

to fulfill this segment of the energy market. Although the 20-kW wind turbine size 

recommended in this study was only based off data from Pilgrim Hot Springs, additional 
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GEP models constructed for similar communities across Alaska could yield more 

generalizable results. 

To summarize the lumpiness results, Table 3-7 below highlights the maximum 

potential savings when comparing system plans using commercially available devices to 

system plans that use generators custom-sized to any integer number of kW in capacity. 

This comparison is shown for both the lowest cost diesel-renewables system and the purely 

renewables system in Table 3-7. 

 

Table 3-7: Possible savings under flexible generator sizes 

System Type Lumped Capacity Flexible Capacities Savings 

Diesel-Renewables Scenario 1 ($11,364) Scenario 4 ($9,302) $2,062 (18%) 

Pure Renewables Scenario 2 ($17,849) Scenario 6 ($13,525) $4,324 (24%) 

 

 In the case of the diesel-renewables system, a savings of up to 18% is possible when 

custom-sized generators are available for all technologies. For the purely renewables 

system, up to 24% in savings is possible if the recommended 20 kW wind turbine is made 

available. 

 The findings in Table 3-7 inform the community of potential savings for this 

specific project plan if more appropriately sized generators are made available. The savings 

obtained by applying the system plan in Scenario 6 are contingent on cooperation from 

manufacturers of Arctic wind turbines to produce such a size generator. Given the potential 

for savings, however, this makes a strong case for manufacturers hoping to benefit from 

small-scale developments like Pilgrim Hot Springs to develop smaller wind turbines. 

An additional observation from the above results is that hydrokinetic power was 

never selected in any of the above optimal investment decisions. This outcome was 
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anticipated, as the hydrokinetic power output was low under the predicted streamflow 

conditions at Pilgrim Hot Springs, as discussed in Section 3.2.2.3. The technology is also 

still in the one-of-a-kind stage of innovation, thus the capital cost is orders of magnitude 

higher than PV, wind, and BESS. 

3.3.2.1 Effect of non-integer constraint on investment decisions 

In the above lumpiness investigation, the generator technology sizes were relaxed 

to be 1 kW integer increments. However, relaxing this constraint further by allowing the 

model to make non-integer investment decisions may reveal more about the most optimal 

pattern of construction. In Figure 3-13 and Figure 3-14 below, the capacity addition 

variable, cerp, is assigned to the real number domain instead of integer for Scenarios 1 and 

6. 

 

 

Figure 3-13: Scenario 1 with non-integer constraint 

 

The optimal system plan in Figure 3-13 is similar to the system plan in Scenario 4 (Figure 

3-9). This is because while Scenario 4 assumed each generator can be built 1 kW at a time, 

the scenario above allows for non-integer solutions between the 1 kW values. The key 
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finding here is that when generator sizes were reduced, investing in wind became more 

economically competitive, which led to a decreased investment in diesel.  

 

 

Figure 3-14: Scenario 6 with non-integer capacity constraint 

 

The above investment decision yields similar results to Scenario 5 in Figure 3-10, with 

slight differences in investment decisions at each phase. The key difference to highlight 

here is Figure 3-14 and Scenario 2 (Figure 3-5). Relaxing the lumpiness constraints reveals 

a very different optimal system plan when compared with the system that uses a 100 kW 

wind turbine. In particular, the amount of wind invested in phase 2 is 18.48 kW, along with 

solar PV and BESS. This is a significant change from Scenario 2, which only chose a single 

100 kW turbine and no other technologies for phase 2.  

3.3.3 Economic analysis results of hotel and microbrewery 

This section assesses the potential payback period of the hotel and microbrewery 

buildings. The ER for the recommended system in Figure 3-11 is calculated and 

incorporated into the economic analysis in Table 3-8 below. The payback period of the 

hotel was evaluated based on a range of expected operating profits. Operating profits can 
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vary significantly between hotels, but a range of 17% to 35%, excluding energy costs, was 

found based on data from [110] and [111]. The estimated payback period is shown in Table 

3-8. A 6-month and a 12-month per year operation are shown for comparison to determine 

the viability of a seasonally run operation. To estimate the 12-month operation, the load 

curves described in Section 3.2.3 were repeated, to model building operations throughout 

the  year. The payback period was re-evaluated based on the increased revenue and 

operating costs incurred as a result of increasing the operation through the winter months.  

 

Table 3-8: Hotel payback with ER of system in Figure 3-11 ($0.76 per kWh) 

Operating months Payback period (under 17 – 35% operating profit range) 

6 months 17 – 40+ years 

12 months 6 - 9 years 

6 months (with $700,000 grant) 6 – 8 years 

 

The results above reflect the financial challenges of running a seasonal venue. 

Under the assumed range of operating profits, a 6-month operation cannot achieve payback 

in a suitable timeframe. If the hotel were operational for all 12 months, the expected 

payback reduces to a range of 6 to 9 years, although this model assumes a 6-month 

operation. If a sooner payback period is desired under a 6-month operation plan, there are 

several grant and loan programs that the community can take advantage of [124] [125]. If 

$700,000 in grants, approximately half of the building construction costs, can be acquired, 

a 6-month seasonally operated hotel is estimated to achieve payback in 6 to 8 years.  

For the microbrewery, using the metrics in Table 3-5 and a discount of rate of 8%, 

it is estimated that economic payback can be realized after approximately 12 years under a 

6-month seasonal operation. However, if $60,000, approximately 25% of the construction 

costs of the microbrewery, can be acquired in the form of non-repayable grants like the 
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hotel, the payback period can be realized in 8 years. For the remainder of the analysis, it is 

assumed that the hotel and microbrewery can obtain the abovementioned grants to assist 

with the initial capital costs.  

3.3.3.1 Sensitivity of payback period to diesel prices 

This section analyzes the effect of increasing fuel prices on the payback periods for 

the hotel and microbrewery, assuming the ER of a fully diesel system that can be built to 

any 1 kW increment size. This is to assess the risk that diesel price volatility imposes on 

the economic viability of operating the hotel and microbrewery if a traditional diesel 

system were to be built. The ER, as calculated in Equation (22) is compared below under 

different fuel prices, as this is the rate the utility would charge to the building owners. The 

diesel price is varied in Table 3-9, from a range slightly below the current price of $5.30 

per gallon to a just above the price spike of $16 per gallon recently reported in the village 

of Noatak.  

 

Table 3-9: Sensitivity of hotel payback period to fuel prices, assuming 6 months per year of operation 

Fuel Cost ($/gallon) ER ($/kWh) Payback period  

$4 $0.48 6 – 8 years 

$5.30 $0.58 6 – 8 years 

$11 $1.06 6 – 9 years 

$16 $1.48 7 – 10 years 

$18 $1.64 7 – 10 years 

 

A noticeable increase in the ER for the hotel can be seen with a rising fuel price. If 

a diesel system were to be built, investors must be cautious of the fluctuating fuel prices 

and the observable effect it will have on the hotel energy costs. This also has a significant 

effect on the profitability of the hotel. If the fuel price rises from $5.30 to $16 per gallon, 

the ER charged to the hotel would have to increase by 2.5 times.  
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A similar fuel price sensitivity is shown for the microbrewery in Table 3-10, if it 

were to operate on a diesel generator system. 

 

Table 3-10: Sensitivity of microbrewery payback period to fuel prices 

Fuel Cost ($/gallon) ER ($/kWh) Payback period 

$4 $0.48 7 years 

$5.30 $0.58 7 years 

$11 $1.06 8 years 

$16 $1.48 8 years 

$18 $1.64 9 years 

 

The microbrewery will face the same fluctuation in its ER as the hotel, which will 

affect its profit margins significantly in the long run. The uncertainty of energy prices under 

a diesel-based system will make it challenging to plan further capital investments or 

improvements for both building types, which under a renewables system would be more 

predictable.  

 

3.4 Conclusion 

This study developed a GEP model under a MILP optimization framework to 

determine the optimal energy system investment choices for the community of Pilgrim Hot 

Springs, Alaska. The GEP model showed that a purely renewables system can meet the 

combined electric and thermal energy needs of a small establishment while also increasing 

the financial security of its energy system. It was shown that if imported diesel prices reach 

$11 per gallon, a price level that has recently been reported in Alaska, the economic 

viability of a pure renewables system would exceed the lowest cost hybrid diesel-

renewables system at the current fuel prices. Furthermore, the use of on-site geothermal 

hot spring water in combination with renewables-based power demonstrated the ability of 
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the community under study to supply itself with a low-cost, decarbonized heat source. This 

model can be applied to other remote communities that are situated near shallow 

geothermal resources like Pilgrim Hot Springs.  

Further investigation revealed that unit sizes of generation technologies 

significantly influence  optimal investment choices, particularly for wind power. In this 

model, a hypothetical 20 kW wind turbine model was demonstrated to have decreased the 

annualized costs of installing a fully renewable energy system for Pilgrim Hot Springs 

across all stages by 24% when compared to a renewables system that used the 

commercially available 100 kW turbine. For a system that considers both diesel and 

renewables, it was found that up to 18% in savings is possible under flexible generator 

sizes. While this finding is specific to Pilgrim Hot Springs, determining more generalizable 

nameplate sizes would provide important information to renewable generation 

manufacturers and warrants further lumpiness and GEP studies on other communities. 
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Chapter  4: Summary of contributions 

This thesis developed two models to address two key areas in northern community 

energy planning, including 1) a machine learning model to improve remote hydrokinetic 

resource assessment, and 2) a generalizable GEP model for small communities to plan a 

comprehensive energy system to meet thermal and electric energy needs. A summary of 

key findings and contributions are outlined below. 

 

4.1 A predictive model of velocity for local hydrokinetic power assessment based 

on remote sensing data 

This chapter developed a predictive model for hydrokinetic resource assessment that 

estimates streamflow velocity using remotely obtainable input parameters. Additional 

temporal, spatial, and geometric variables were investigated to determine their influence 

on streamflow prediction. The key findings and contributions from this chapter are: 

• A generalizable predictive model of stream and river velocity, based on the RF 

algorithm and remotely sensed data, validated with USGS data from 59 different 

sites across Alaska, showed an average prediction error of 24%. This model 

represents an improvement of 52% in predictive accuracy over the traditional 

Manning equation. It also improves on existing studies by relying only on remotely 

accessible data as well as by being compatible with stream sites that have narrow 

channel widths.  

• The inclusion of new temporal and spatial features demonstrably increased 

predictive accuracy of the model. Month of year and longitude in particular were 
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found to be important influencers on velocity prediction; input variables that 

previous predictive models did not consider. 

• While the model was trained on data in Alaska, the same modeling framework can 

be applied to other geographic regions where hydrokinetic power is a candidate 

generation technology and velocity data is available for model training and 

validation. 

 

4.2 A multi-period GEP model for Arctic and northern communities considering 

both thermal and electric loads 

A multi-period GEP model was developed and applied to a case study community in 

Alaska. This model simulated both electric and thermal energy demands as well as resource 

availability from renewable sources, including wind, solar PV, and hydrokinetic power. 

While wind and solar PV data were available from other models in the literature, the model 

developed in Chapter 2 was applied to estimate the hydrokinetic resource at Pilgrim Hot 

Springs, the case study location. The key findings and contributions from Chapter 3 are: 

• A MILP framework for a GEP model that jointly considers space heating, water 

heating, and direct electricity needs as a single electric load curve. It was 

demonstrated that using shallow geothermal hot water available on site, both 

thermal and electric loads can be met using renewably-generated electricity. 

• The optimal solution under commercially available generator sizes was a hybrid 

diesel-PV system. It was found, however, that a purely renewables system becomes 

more economically favorable if the price of diesel rises to $11  per gallon or higher. 
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For remote Arctic communities, this magnitude of fuel price spike is not out of the 

question and has been recently reported. 

• Reducing the nameplate capacities on generators like wind turbines leads to a more 

optimal investment strategy for a purely renewable-based energy system, as well as 

earlier investments of wind turbines in the optimization model. This finding is 

important for manufacturers of wind turbines and other generating technologies to 

consider when designing devices to accommodate the needs of small remote 

communities.  
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Chapter  5: Conclusion and recommendations 

Two key research areas have been addressed in this integrated thesis to improve 

community energy planning efforts in the Arctic.  

In Chapter 2, a predictive model was developed that can remotely estimate the 

hydrokinetic resource potential of stream reaches in Alaska by predicting stream velocity. 

The model was built using the RF machine learning algorithm and variable selection found 

the best predictive accuracy of 24% as measured by MAPE. This model provides a 

framework for communities to screen unvisited locations to estimate hydrokinetic power 

potential prior to conducting a field visit. From a community planning perspective, this is 

an improvement over existing streamflow prediction models, which either relied on in-situ 

collected data, were only developed with larger stream data, or had significant 

computational complexities.  

In Chapter 3, a GEP model was developed to plan a multi-period energy system for 

a case study community. It was demonstrated that a fully renewables-based system 

consisting of wind, solar PV, and BESS, coupled with an on-site geothermal hot spring 

resource, could meet combined thermal and electrical energy needs and be economically 

superior to a system containing diesel, especially under a rising fuel price scenario. The 

predictive model from Chapter 2 was applied in Chapter 3 to estimate the hydrokinetic 

resource potential at Pilgrim Hot Springs and was included in the GEP optimization model. 

However, the GEP model did not recommend investments in hydrokinetic power for the 

case study community due to its low power output at the site. 

 The findings in this thesis contribute to community energy planning efforts for 

northern communities by improving resource assessment for hydrokinetic power as well 
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as by developing an integrated thermal-electric GEP model with BESS that can be 

replicated in other communities. 

 

5.1 Recommendations and future research 

Limitations of this thesis and its scope present opportunities for future research 

efforts. Some recommended areas of future work are outlined below for Chapter 2. 

• For the Random Forest model developed in Chapter 2, the biggest limitation of its 

application is the availability of data. The stream velocity data obtained was 

collected on a monthly basis, meaning it cannot make hourly level predictions that 

would benefit planning models like GEP. To improve the hydrokinetic resource 

efforts, hourly stream data should be collected. Collecting this data more frequently 

could be used to construct a model that makes hourly level predictions which would 

further improve its integration and utility in GEP modelling efforts. 

• The additional descriptive stream features considered in this study focused 

primarily on geometric characteristics. Further studies could improve modelling 

efforts by investigating the effects of other characteristics such as riverbed 

vegetation, more descriptors of the environment surrounding the stream sites, and 

other parameters that can be obtained through satellite imagery or through other 

remote estimation methods.  

• Random Forest was the ML algorithm of choice for this study and was found to 

outperform other unsupervised models as discussed in Section 2.2.4. Unsupervised 

learning methods, such as neural networks, were not investigated in this study, due 

to the limited number of input observations available. Applying a neural network 
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algorithm to a larger dataset could provide deeper insights by revealing further 

patterns surrounding different stream parameters, particularly if more data is 

collected under a higher temporal resolution as recommended above. 

Areas for further research were also identified for the work in Chapter 3 and are 

summarized below. 

• The recommended nameplate capacity for the wind turbine from the lumpiness 

investigation of this thesis was derived only using the GEP model results for 

Pilgrim Hot Springs. Developing further GEP models for smaller communities 

across the Arctic combined with lumpiness investigations could inform 

manufactures of wind turbines and other renewable technologies on generalizable 

nameplate capacities that could lead to commercially produced turbines specifically 

sized for small Arctic communities. 

• As mentioned in Section 3.2.2.4, the building energy data in this study was 

collected from Fairbanks, Alaska. This was considered a reasonable approximation 

to the energy consumption patterns and densities in Pilgrim Hot Springs, as both 

regions are located in the same climate zone. However, future studies could 

improve localized GEP modelling by collecting hourly building energy data from 

a wider variety of locations. 

• An additional limitation with the building energy load data is that the representative 

days, one per month, do not capture intra week fluctuations in energy demand. To 

make the system more robust to demand changes, a sensitivity study on load 

fluctuations could be incorporated to determine how additional, time-varying 

energy demand would affect the optimal system plan. This fluctuation in demand 
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could be mitigated in the current GEP model by enforcing more BESS capacity, or 

enforcing a 20% reserve margin of installed capacity, to account for days where 

demand may fluctuate above the modeled data. 
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Appendices 

Appendix A  Time series load curves for energy system plans in Section 3.3 

Note that each graph shows one representative year for each of the 3 expansion phases 

described in Table 3-2. Every 24 hours depicts a representative day for each month of the 

year (i.e., hours 0 – 23 are a day in January, 24 – 48 are for February, etc.). 

 

Figure A-1: Time series power curves per phase for optimal expansion plan in Figure 3-3 
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Figure A-2: Time series power curves per phase for optimal expansion plan in Figure 3-5 
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Figure A-3: Time series power curves per phase for optimal expansion plan in Figure 3-11 

 


