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ABSTRACT OF THE DISSERTATION 

 
Dynamic modeling, experimental evaluation, optimal design and control of 
integrated fuel cell system and hybrid energy systems for building demands 

 
By 

 
Gia Nguyen Luong Huu 

 
Doctor of Philosophy in Mechanical and Aerospace Engineering 

 
 University of California, Irvine, 2015 

 
Professor Jack Brouwer, Chair 

 

Fuel cells can produce electricity with high efficiency, low pollutants, and low noise. 

With the advent of fuel cell technologies, fuel cell systems have since been demonstrated as 

reliable power generators with power outputs from a few watts to a few megawatts. With proper 

equipment, fuel cell systems can produce heating and cooling, thus increased its overall 

efficiency. To increase the acceptance from electrical utilities and building owners, fuel cell 

systems must operate more dynamically and integrate well with renewable energy resources. 

This research studies the dynamic performance of fuel cells and the integration of fuel cells with 

other equipment in three levels: (i) the fuel cell stack operating on hydrogen and reformate gases, 

(ii) the fuel cell system consisting of a fuel reformer, a fuel cell stack, and a heat recovery unit, 

and (iii) the hybrid energy system consisting of photovoltaic panels, fuel cell system, and energy 

storage. 

In the first part, this research studied the steady-state and dynamic performance of a high 

temperature PEM fuel cell stack. Collaborators at Aalborg University (Aalborg, Denmark) 



xx 

 

conducted experiments on a high temperature PEM fuel cell short stack at steady-state and 

transients. Along with the experimental activities, this research developed a first-principles 

dynamic model of a fuel cell stack. The dynamic model developed in this research was compared 

to the experimental results when operating on different reformate concentrations. Finally, the 

dynamic performance of the fuel cell stack for a rapid increase and rapid decrease in power was 

evaluated.  The dynamic model well predicted the performance of the well-performing cells in 

the experimental fuel cell stack. 

The second part of the research studied the dynamic response of a high temperature PEM 

fuel cell system consisting of a fuel reformer, a fuel cell stack, and a heat recovery unit with high 

thermal integration. After verifying the model performance with the obtained experimental data, 

the research studied the control of airflow to regulate the temperature of reactors within the fuel 

processor. The dynamic model provided a platform to test the dynamic response for different 

control gains. With sufficient sensing and appropriate control, a rapid response to maintain the 

temperature of the reactor despite an increase in power was possible. 

The third part of the research studied the use of a fuel cell in conjunction with 

photovoltaic panels, and energy storage to provide electricity for buildings. This research 

developed an optimization framework to determine the size of each device in the hybrid energy 

system to satisfy the electrical demands of buildings and yield the lowest cost. The advantage of 

having the fuel cell with photovoltaic and energy storage was the ability to operate the fuel cell 

at baseload at night, thus reducing the need for large battery systems to shift the solar power 

produced in the day to the night. In addition, the dispatchability of the fuel cell provided an extra 

degree of freedom necessary for unforeseen disturbances. An operation framework based on 
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model predictive control showed that the method is suitable for optimizing the dispatch of the 

hybrid energy system. 
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1 Introduction	

 Overview	1.1

Distributed generation in general, and fuel cells specifically, are candidates to satisfy the 

demand for electricity while reducing criteria pollutant and greenhouse gas (GHG) emissions. 

Distributed generation refers to the concept of locating a power plant near the point of power 

use. Because of this proximity, distributed generation avoids the electrical grid network 

transmission and distribution losses. With proper equipment, a building can also use the heat 

along with the electricity generated from a power plant, a concept known as combined cooling, 

heating and power (CCHP). Distributed generation has been applied in commercial and 

industrial buildings to provide electricity, heating, and cooling in a wide variety of applications 

with various types of power generators (e.g., reciprocating engine, gas turbine, fuel cell). To 

further the deployment of the lowest emitting of these technologies, fuel cells, distributed 

generation must have high reliability, low cost, and an ability to follow the dynamics of 

electrical demands. Increasingly, such distributed generators are installed together with 

photovoltaics and some type of energy storage technology making the design and control of the 

set of distributed resources (e.g., fuel cell, energy storage) a challenge. 

Because of additional  design complexity and control challenge for such hybrid system, 

and because of the simplicity of plugging directly into the grid, distributed generation is not 

popular. This stark situation may be changing as government and private sectors improve 

distributed generation technologies, and develop policies to encourage their use; all with the aim 

of reducing criteria pollutant and greenhouse gas emissions and increasing the resiliency of the 

electrical infrastructure. For instance, the U.S. Department of Energy Solar Decathlon 
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challenges collegiate teams to design, build, and operate the best solar-powered house [1]. In 

Europe, the Enefield projects seek to deploy and monitor around 1000 installations of fuel cells 

to study the installation, operation, and support needed [2]. In Japan the EneFarm program is 

installing more than 100,000 fuel cell systems in individual residences [3].  In California more 

than 70MW of larger fuel cell systems have been installed under the Self Generation Incentive 

Program (SGIP)[4].  Similar efforts have been shown in other parts of the world. Large 

buildings have an advantage of scale, allowing the installation of system with high power 

outputs and high efficient. Small residential buildings may cluster together to form a 

community-level microgrid. 

In the portfolio of options to provide electricity for buildings, renewable energy 

resources such as solar power occupy an important role. With mandates from the states and 

federal levels, and recently lowered equipment cost, the installation of photovoltaic panels has 

been widely adopted. However, the typical roof and property size is insufficient to install 

enough photovoltaic (PV) panels to meet all of the building demands and the dynamics of a 

building demands never match PV production dynamics. Even if these challenged could be 

overcome, installing a sufficiently large cluster of PV panels at buildings may cause reverse 

power flow at the local utility point of service that may not be allowed or desired. In addition, 

the diurnal nature of producing power only when the sun is shining and the intermittency due to 

cloud cover of the photovoltaic panels also challenges the existing electrical infrastructure, 

requiring existing generators to operate with greater dynamics and flexibility. 

This research investigates the design and control of energy systems that use a 

combination of fuel cells, photovoltaic panels, and batteries to satisfy the electrical demands of 

buildings. 
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 Research	goals	and	objectives	1.2

The goal of this PhD research is to use modeling, experimental comparison, and 

optimization techniques to develop system configurations and control strategies for fuel cell 

systems to meet the energy demand dynamics of commercial and institutional buildings.  

To achieve this goal, the objectives are: 

 Conduct a thorough literature review of current research activities related to fuel cells, 

integrated energy systems, and energy storage for commercial and institutional 

buildings, 

 Understand the response of a high temperature polymer electrolyte membrane fuel cell 

system to changes in operating conditions using dynamic models and experimental data, 

 Evaluate methods to process fuel from natural gas to reformate gas by comparing the 

efficiency, temperature, and the integration with a high temperature PEM fuel cell stack, 

 Design the configuration of an integrated energy system consisting of photovoltaic 

panels, battery, and fuel cell to meet the electrical demand dynamics of commercial and 

institutional buildings, and 

 Develop and evaluate control strategies for the integrated energy system. 
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2 Background	

At the beginning of May of 2015, President Obama announced actions to bolster energy 

efficiency in federal buildings and adjust building codes to reduce emissions from new 

construction [5]. Following the effort to reduce energy consumption is the need to generate 

electricity with high efficiency, low emissions and low cost to meet the remaining demand. This 

research addresses the use of fuel cells coupled with PV and energy storage to produce power at 

the point of consumption. 

 High	temperature	polymer	electrolyte	membrane	(PEM)	fuel	cells	2.1

At the power output of a few kW, high temperature PEM fuel cells are a candidate for 

producing electricity from natural gas because of their high energy density, high tolerance of the 

carbon monoxide produced by natural gas reforming (up to 1% concentration) and the 

production of high quality heat at a temperature of about 160oC. The tolerance of carbon 

monoxide reduces costs for fuel processing. The high temperature of the exhaust facilitates heat 

use for space heating or other applications. Even though companies in the U.S. have 

discontinued the commercialization of this technology, because of the poor lifetime of the fuel 

cell stacks, the performance characteristics are worthy of investigation. Based on the experience 

of operating high temperature PEM fuel cell systems, this research hopes to capture technical 

insights and lessons learned in designing and operating this type of fuel cell. 

High temperature PEM fuel cells have demonstrated the tolerance of carbon monoxide 

and other impurities in reformate gases such as methanol and carbon dioxide. Researchers have 

studied in detail the adsorption of carbon monoxide on the catalyst sites. The common tool is 

the electro-chemical impedance spectroscopy (EIS) to diagnose the effect on the impedance of a 

fuel cell [6]–[8]. Following the EIS results, researchers developed equivalent circuit models to 
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quantify the effects of impurities on the fuel cell [9], or developed a finite two-dimensional 

model and fitted the model with the polarization curve [10]. Some researchers studied the 

kinetics of carbon monoxide coverage on the catalyst[11]. These research projects indicate that 

carbon monoxide has minor effect on the high temperature PEM fuel cell operation at 

temperatures between 160 to 200oC. However, the presence of methanol and carbon dioxide 

may compound the negative effect on the catalyst [12]. 

An important subsystem for the fuel cell is thermal management. During a start-up 

process, the thermal management system of the fuel cell warms up the fuel cell from the 

environment temperature to the fuel cell operating temperature. Andreasen et al. studied the 

heating of the fuel cell stack by electrical heating and by hot air heating [13]. A dynamic model 

exploring the heat transfer and heat generated within the fuel cell was developed and compared 

with the experimental results. During operation, the thermal management system maintains the 

operating temperature by rejecting heat produced within the fuel cell to its surrounding, or used 

for other processes. Harikishan Reddy et al. studied the cooling options of a fuel cell stack for a 

scooter by considering the use of  cooling plates or forced draft on the system [14]. Supra et al. 

proposed a different method of using a heat pipe within the system[15]. In summary, these 

research studies investigated thermal management methods to bring the fuel cell stack to its 

operating point effectively and maintain the operating temperature. 

During operation, voltage and current are the two important parameters to evaluate the 

performance of a fuel cell. Increasing temperature improves the performance of the fuel cell but 

accelerates its degradation at the same time, as presented in [16], [17]. Model verification in 

voltage and current of a low temperature PEM fuel cell is presented by[18]. In parallel to the 

experimental data, models are developed to study the phenomenon of interest such as the effect 

of the charge double layer effect[19], the distribution of gases and current in flow channels[20]. 
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These models make use of computational fluid dynamics to gain insights into the performance 

of  the fuel cell. Another approach in predicting voltage and current is the use of bulk model for 

fast simulation, presented in the following paragraphs. 

To simulate the fuel cell system and analyze its performance, researchers have 

developed dynamic models using first principles of conservation of mass and energy, chemical 

reactions, mass transport and heat transfer. Each major process in the fuel cell system is 

typically divided into control volumes with chemical and electrochemical reactions and heat 

transfer processes simulated within each control volume. These reactors are then connected with 

each other via inputs and outputs representing the flows of gas and liquid, similar to the actual 

system’s configuration. 

Mueller et al. developed a model for a low temperature PEM fuel cell stack with control 

volumes coinciding with major components of a fuel cell: fuel cell plates, gas channel, 

membrane electrode assembly, coolant channel and coolant plate. In the model, heat transfer 

and mass transports are considered dynamic processes; electrochemical reactions are considered 

at a quasi-steady state because of the short timescale of the reactions [21]. Park el al. followed a 

similar method to developed a high temperature PEM fuel cell  in a quasi-three dimensional 

geometry [22]. The author shows the dynamic model can calculate the response of a change in 

cell voltage, then implemented the model in a fuel cell system consisting of a fuel processor and 

fuel cell stack [23]. 

On the topic of fuel cell system modeling, Min et al. developed a model for a low 

temperature PEM fuel cell system using natural gas. The fuel processor consists of an 

autothermal reformer, a water-gas-shift reactor, a preferential oxidation reactor, and heat 

exchangers. Experimental data were used to determine parameter values and to evaluate the 
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accuracy of the model. Finally, the authors presented a fuel flow controller to maintain the 

system’s efficiency during load change [24].  

Korsgaard et al. developed a 1kW high temperature PEM fuel cell system for a 

combined heat and power fuel cell for residential buildings. Since this is a high temperature 

PEM fuel cell, the fuel processor had a simpler configuration than the fuel processor described 

in [24]. Taking advantage of its high temperature, the fuel cell cathode exhaust was used to 

regulate the water gas shift reactor temperature. This integration was not possible with low 

temperature PEM fuel cells because the low temperature of the cathode exhaust would have 

extinguished the reaction in the water gas shift reactor [25]. In the second part, the same authors 

(Korsgaard et al.) tested their fuel cell model with the electrical and heat demands of a Danish 

household. If only following the heat demand, the electricity output of the fuel cell cannot 

match the building’s demand. To follow both electrical and heat demands with electricity export 

during peak hours, a bigger heat reservoir is needed [26]. 

 Solid	oxide	fuel	cells	(SOFC)		2.2

A solid oxide fuel cell uses solid ceramic electrolyte to transfer ions from cathode to 

anode. The fuel cells operate at temperature between 650 to 1000oC, much higher than the 

operating temperature of PEM fuel cells. Because of the high operating temperature, the solid 

oxide fuel cells have high efficiency and use a variety of fuels from diesel to biogas. With new 

materials for the ceramic electrolyte, SOFC can operate at 650oC, allowing the fuel cell to 

maintain most of the advantages of the ceramic electrolyte and opening the door for inexpensive 

sealing [27], [28]. The SOFC in the US market have power output at hundreds of kW and 

targets the large commercial buildings, hospitals, and college campuses. The high temperature 

of the exhaust and the large flow rate allow effective production of hot water and steam. To 
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study the use of SOFC for buildings, researchers developed dynamic models to study the 

response for a change in power, fuel flow, and airflow. All models presented below use 

conservation of mass and energy as the foundation in developing the dynamic model. 

Murshed et al. developed a lumped model and a detailed model [29]. The lumped model 

assumes the entire fuel cell stack has a uniform temperature, while the detailed model 

differentiates the temperatures among electrodes, interconnector, fuel and air. The author 

presented the model calculation at steady state and for transient conditions. The model is a 

platform to test the stability and disturbance rejection of the model predictive control, presented 

in the next section. 

Mueller et al. presented a dynamic model of an integrated system based on the tubular 

SOFC made by Siemens Westinghouse. The model contained a reformer, a fuel cell, a 

combustion chamber, and a dissipater. The model used first principles to determine the 

temperature, concentration, and pressure. At steady state, the model compared well with 

experimental data on the cell temperature and power output. In the actual system, the delay 

caused by valves and actuators can increase the fuel utilization [30]. 

McLarty et al. developed a model of solid oxide fuel cells to compute the temperature 

and gas concentration. This model contains the compartments of a fuel cell stack: gas channels, 

positive-electrolyte-negative structure, bipolar plate, and air manifold. At steady state, the 

model calculates the control of air needed to maintain the desired temperature within the cell, 

and the effect of steam/C on the stack temperature. For dynamic simulation, the model 

calculates the response when there is a change in power output, fuel flow, airflow, or fuel 

composition [31].  

These dynamic models have been used to explore control methods for fuel cells. For 

instance, to enable load following, Auld et al. analyzes the configuration of SOFC with 
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ultracapacitors using the dynamic model presented in [30]. In the simulation, the hybrid system 

maintains the desired voltage by discharging the ultracapacitors. The authors also proposed to 

run the fuel cell at low fuel utilization to prepare for load following. [32]. The SOFC dynamic 

models have been used to study the temperature variation during a change in power. Mashid et 

al. designed a controller of air flow rate and temperature to regulate the temperature within the 

stack. With the controller, the fuel cell can have less than 5oC of variation for a disturbance of 

25% from the nominal set point [33]. In these two examples, a dynamic model based on first 

principles provides insights into the response of the system. In addition, these research projects 

highlight the desire to operate the fuel cell dynamically.  

 Fuel	processing	methods	2.3

A high temperature PEM fuel cell uses hydrogen to produce electricity. For stationary 

power generation, a fuel processor converts natural gas to reformate gas containing 20 – 60% 

hydrogen using the autothermal reforming or steam reforming methods. A good fuel processor 

has a high conversion rate, and requires little heat and water inputs. Both methods are pursued 

in academia and industry. This research looks at two specific systems to understand the fuel 

processing choice. 

Directed Technology analyzed the conversion processes for hydrogen fueling stations 

with a focus on cost and the integration with hydrogen purification. The second project by 

Ahmed and Krumpelt analyzed the conversion processes for transportation. The third project by 

Ersoz analyzes the effect of temperature, the steam/C and O2/C on the concentration and 

efficiency of reforming processes. Overall, autothermal reforming has a compact volume and 

good transient response; steam reforming generates hydrogen with high concentration and 
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integrates well with pressure swing adsorption [27], [34]–[36]. Summary of the findings are in 

Table 1. 

Table 1 Comparison of autothermal reforming and steam reforming [27], [34]–[36]  

 Autothermal reforming Steam reforming 
Reaction 1

2
→ 2  

2 → 4  

2 → 4  

Characteristics Good transient response 
Temperature affected by O2/C 
and steam/C 
Hydrogen concentration 20% 

High efficiency 
Temperature affected by steam/C 
Hydrogen concentration 60% 

Integration with fuel 
cell stack 

Recirculate cathode or anode to 
provide heat or steam 

Burn tail gas to provide heat 

Recommendation On-board reforming on a car 
because of the dynamic response 

Hydrogen station because of the 
integration with a pressure swing 
absorption 

 

Another aspect of fuel processing is the integrated fuel processor for small-scale fuel 

cells. To maintain high efficiency at small scale, a fuel processor uses heat generated by an 

exothermic reaction to preheat fuel or to couple it with an endothermic reaction.  

For autothermal reforming, Lee et al. presented a fuel processor in an annular 

configuration where the autothermal reforming reactor occupies the inner zone and provides 

heat for the water gas shift reactor. The article gave a practical operation regime to prevent 

carbon deposition and minimize heat loss [37]. Through the collaboration with the same group 

of Lee et al., Adachi et al. designed and operated a fuel processor to maintain at least 80% 

efficiency over the operating range of 30 to 100% [38]. Northrop et al. studied an integrated fuel 

processor in cylindrical configuration where the reactors are placed sequentially in space. The 

authors compared the model with experimental data on the temperature profile, and 

concentration of hydrogen, methane, and carbon monoxide[39].  
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For steam reforming, Jung et al. developed a fuel processor in annular configuration. At 

the center of the fuel processor is a burner to provide heat for the steam reformer and water gas 

shift. The authors compared the gas concentration, reactor temperatures and efficiency between 

experiment and a steady-state model [40]. Korsgaard et al. simulated a 1kW high temperature 

PEM fuel cell system using a steam reformer where the exhaust from the cathode provided heat 

for the water gas shift reaction[25]. Jiang et al. presented a steam reformer prototype and 

developed a dynamic model of the system. The authors then used an algorithm to identify 

parameters of the model to fit with dynamic experimental data [41]. 

These papers provided detailed configurations for a fuel processor. Whether the system 

uses autothermal reforming or steam reforming, all designs aim to use heat effectively. One 

paper also considered the use of fuel cell exhaust into the fuel processor. 

 Control	of	the	fuel	processor	2.4

The fuel processor provides hydrogen or a hydrogen-rich stream to the fuel cell. Even 

though solid oxide fuel cells (SOFC) have the ability to internally reform the fuel, some external 

reformation is still considered required in the literature, mostly for good thermal management. 

The fuel processor aims to (i) regulate the amount of hydrogen in the fuel cell stack for 

sufficient electrochemical reactions, and (ii) to maintain a desired temperature of the reformer 

for high conversion efficiency. A large portion of the research is intended for the fuel processor 

on the vehicles [42]–[44], which is no longer being widely pursued. The second development is 

on the reforming of bio-ethanol for PEM fuel cells [45]–[48][49]. 

Fuel processing at small-scale aims for high conversion, providing desirable flow of 

hydrogen, and keeping the concentration of carbon monoxide below the limit for fuel cell. 

Pukrushpan et al. studied the control of fuel processor for use in automotive application with the 
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goal of providing sufficient hydrogen, maintaining pressure balance between compartments of a 

fuel cell, and maximize amount of electricity[42]–[44]. For stationary power generation where 

fuel needs to reform to hydrogen, the control of fuel processor aims to maintain proper 

temperature and concentration of hydrogen and carbon monoxide. Garcia et al. conducted 

experiment to determine the kinetic rate of an ethanol steam reforming processor, developed a 

dynamic model, study the control pairing of the fuel processor, and design a linear controller 

[45]–[47]. Sktataric recognizes the multi-time scale of the reformer, the authors used the 

technique from singularly perturbed systems of differential equations to separate the system into 

the fast and slow mode [50].  

 Optimal	design	and	dispatch	of	distributed	generation	systems	2.5

The optimization tools developed for the design of distributed generation systems have 

two primary categories: those that minimize the economic cost of the system, and those that 

explore the balance between financial investment and environmental stewardship. To quantify 

the economic cost of the system, the researchers characterize the DG technologies in terms of 

fixed investment, operation & maintenance, and variable operation costs.  The lifetime of the 

project derives the annualized cost of the system. The common findings are that weather affects 

the use of heat, cooling and electricity of the building, and in turn affects the selection of 

distributed generation technology and control strategy[51], [52]. Buildings with high heat-to-

electricity ratio can typically well deploy reciprocating engines and gas turbines to provide both 

electricity and heat, if their emissions are low enough. Buildings with low heat-to-electricity 

ratio favor fuel cells, which produce more electricity and less heat than the heat engines, or fuel 

cells coupled with an absorption chiller [53], [54], [55].  
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To consider the coupling of electricity, heat, and cooling, the Lawrence Berkeley 

National Laboratory developed the tool DER-CAM to quantify the economic cost of installing 

distributed generation, and the benefits of combined cooling and heating. The tool had several 

iterations to include the storage technology, the ability to schedule the devices once installed, 

and includes a web interface for evaluation [52], [56]. By inspecting results of the software, the 

results of the DER-CAM is suitable for systems connected to the electrical grid, and has all 

devices operate nearly at full load.  

To explore the operation of the systems at part-load, Pruitt et al. include details of start-

up, shut down, and part-load operation efficiency of a SOFC, a battery, and a thermal energy 

storage. This allows the authors to refine the assessment of buildings, especially the one with 

further dynamic response of the system [57]. Flores et al. include the mixed integer linear 

programming to account for the turn on and off of the system, and use monthly and fifteen-

minute data [54]. 

To explore the tradeoff between financial investment and environmental stewardship, 

researchers use the multi-objective optimization. The two objectives frequently used are the 

economic cost and the life cycle impact of the system on the environment. Zhang et al. solves a 

multi-objective optimization problem to derive the Pareto-frontier efficiency of the devices [58]. 

Burer et al. studies the use of SOFC, heat pump, boiler, compression chillers for district heating 

of residential buildings [59]. Lu et al. proposes a method to solve the multi-objective problems 

using evolution algorithms [60]. These research quantify the trade-off of installing low-cost and 

high emission of combustion-based devices, and the high-cost and low emissions of fuel cells. 



 

14 

 

 Model	predictive	control	and	control	with	energy	storage	2.6

Energy storage adds flexibility and planning into the system. At each time step, the 

energy system must decide the action that will affect the time in the future. Charging the storage 

now will give energy needed in the future. Not charging the device now will give room for 

storage for the future where the cost of production is lower than the current cost of production. 

In addition, with good prediction on the energy demand of the future, the energy storage allows 

us to take preemptive action to maintain the system at a desired course. For example in the 

anticipation of a warm day, a controller can: 

(i) use the thermal mass of a building  to prevent extensive use of air conditioners in 

day time [61] 

(ii) store cold water in a thermal energy storage at night for use in day time [62] 

(iii) capture excess electricity from wind and solar generation in the hydrogen tank in 

spring and summer for use in fall and winter [63], [64].  

A candidate for the control with energy storage is the receding horizon control technique 

because of the ability to handle constraints effectively. The method, also known as model 

predictive control, was initially used in refineries and the petrochemical industry, and now has 

started to find applications in energy systems. The following sections present the control 

problem formulation (adapted from [65]), followed by the use of this control technique in 

controlling fuel cells and hybrid energy systems with storage. 

The plant to be controlled can be described by a discrete-time, state-space model: 

 
, , ,  

 

(1) 
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Where  is a vector of process inputs,  is a vector of process outputs,  is a vector 

of states variables,  is a vector of measured disturbance variables, and  is a vector of 

measurement noise. 

The controller computes a sequence of inputs  to take the process from the current 

state to the desired state. 

The dynamic objective is: 

 ‖ ‖ ‖∆ ‖ ‖ ‖ ‖ ‖ (2) 

Where  is the deviation from the desired steady state, ∆  is the change of input, and 

 is the deviation from the desired steady-state input. 

The solution is a set of input adjustments over the finite horizon: 

 , , … ,  (3) 

The first input  is introduced into the plant and the calculation is repeated at the next 

sample time. 

The theory of receding horizon control has started to find applications in building energy 

systems because of its ability to handle constraints well, and to especially manage energy 

storage system dispatch. Ma et al. studied the control of buildings using three control schemes: 

deterministic, distributed, and stochastic model predictive controls. Reflecting from the 

application of deterministic control on the cooling system at the University of California, 

Merced, the author shows that the model predictive control fits well with the use of active 

thermal storage and demonstrates a saving in the electrical bill. However, the author warns that 

the good performance stems from a perfect prediction of the weather and occupancy. Without a 

good prediction, the model predictive control performs worse than the traditional PI controller. 
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For instance during a simulation, the predictive controller precooled on the day when occupants 

did not enter the building, leading to unnecessary cooling[61], [66], [67].  

Murshed et al. studied the stability and disturbance rejection of a solid oxide fuel cell. 

The control problem aims to keep the stack voltage and temperature at its target by 

manipulating the amount of fuel, air, and steam. Using this model, the researchers show that the 

linear model predictive control can only stabilize the system at small load change. To improve 

the control, the authors studied the use of nonlinear model predictive control. The method can 

reject disturbances well, with the cost of more computational power [68]. 

McLarty proposed a heuristic-based method to control the gas turbine, electrical chillers, 

and water storage tank on the UCI campus. Using the same electrical rate structure at UCI, the 

authors design a controller to use the thermal energy storage tank effectively and responded 

well to the disturbance. This research was able to introduce the knowledge of the power plant 

operators into the operation methods [62]. 

Beghi et al. modeled an HVAC system with ice cooled thermal energy storage [69]. The 

system uses a glycol solution to produce ice for storage. The model captures the information on 

the two phases of ice and liquid water, as well as the bypass valve to maintain the temperature 

in the glycol solution. 

The use of renewable energy resources for generating electricity creates a need to use 

the energy storage. Battery has high efficiency, fast charging and discharging capacity, but has 

low energy density, self-discharge, leakage, and environment pollution. In contrast, hydrogen 

storage has high energy density, but slow response. Trifkovic et al. study a hybrid energy 

system consisting of wind turbine, solar panels, PEM fuel cell, battery, electrolyzer, and 

hydrogen storage. In their article, the authors present a simple dynamic model with a 

rudimentary controller [70]. The controller coordinates the electrical flows between the devices 
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to provide electricity for the buildings and store the excess energy in the battery or hydrogen 

storage tanks. In subsequent papers, the authors incorporate detailed dynamics models, and 

present a distributed model predictive controller to incorporate the weather forecast to the 

production and planning [63], [71]. Specifically, the supervisory controller (i) maximizes the 

use of renewable energy and the amount of hydrogen storage, (ii) and minimizes the number of 

unit startup. 

The authors formulate the constraints to ensure that (i) all the storages have a bound on 

their capacities, (ii) electrolyzer and fuel cell are not operating at the same time, (iii) the turning 

on and off of the unit within a time interval is reasonable.  

The resulting problem is linear with respect to the state variables, and disturbances. The 

constraints are linear, and some of the decision variables are binary. The overall controller is a 

mixed integer linear program. The optimal controller is solved in GAMS, then interface with the 

dynamic model built in MATLAB/Simulink. The authors also highlight the mismatch between 

the supervisory set point and the low-level controller. For example, the battery set point is 

determined from the supervisory controller, but the implementation is determined from the 

difference in actual power consumed and the power produced from other sources. Similarly, if 

the pressure in the low pressure hydrogen tank is insufficient, hydrogen can be taken out from 

the high pressure tank. This approach accounts for external and internal disturbances, and 

reduces computational time associated with the control on different timescale of the hybrid 

system. 

In the same topic of integrating and controlling renewable energy sources for residential 

buildings, Bruni et al. presented the use of battery, PV, and fuel cell for a net-zero energy 

building constructed for the Solar Decathlon. The article introduces several figures of merit to 

quantify the use of renewable energy, and the sizing of the system. Using simulated demand of 
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the house in winter and summer, the researchers demonstrate the use of model predictive 

controller in exploiting the thermal inertia of the home, the smooth operation of the equipment, 

and a potential to reduce the overall equipment size [72], [73].  

On the technique of formulating the dispatch problem and solving the optimization, 

Solers et al. offer an approach to cast the dispatch problem to maintain the convexity, thus 

maintaining the advantage of fast and robust solving techniques. Working with a system of 

multiple chillers and a thermal energy storage to meet the cooling demands of a college campus, 

the authors introduce the general problem formulation, solve the dispatch in continuous 

variables, then use the constraints to simulate the effect of discrete chillers operations. Finally, 

the authors show how the prediction and dispatch of the daily cooling load can be a reliable way 

to operate the system.  

The current solid oxide fuel cells in the market have slow response, and requires 

uniform temperature distribution in the electrolyte. To extend the flexibility of the system, 

coupling a fuel cell system with battery or energy storage device allows the fuel cell to operate 

in smaller capacity, and help smooth out the electrical demand. Several projects in the industry 

have installed large batteries in the MW range to provide support to intermittent renewable 

energy sources [74]. The research of solid oxide fuel cell, battery, and ultra-capacitor have been 

studied by[75]–[78]. The topic of control of hybrid solid oxide fuel cell system consists of 

reconciling the slow response and high efficiency of an SOFC with the fast responses of battery 

and ultra-capacitor. Adhikari et al. present the modeling of an SOFC, coupled with battery and 

super-capacitor. Recognizing the slow response and fast response of the equipment, the authors 

create a supervisory controller consisting of a finite state machine to determine the operation 

regime of the system [79].  Different techniques with similar goals are presented in [76]–[78]. 
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Solid oxide fuel cells have been studied for use in conjunction with gas turbine and 

steam turbine to compensate for the short-term fluctuations from photovoltaic panels and wind 

turbines. Obara et al. present the use of the inertia of the system, along with some economic 

dispatch operator to stabilize an independent microgrid [80]. 

In all of this research, the authors design controllers to compensate for the apparent slow 

dynamic operation of the solid oxide fuel cells by charging and discharging energy storage. The 

ultra-capacitor is used to provide voltage support for the system. The research shows that the 

control of such devices can be distributed or centralized. In addition, the efficiency of charging 

and discharging the battery is also an important factor. 

Antti et al. from Finland proposed the use of model predictive control of a solid oxide 

fuel cell stack temperature. Using the data gathered from an experimental stack, the authors 

create a model to capture the observed performance of the system[81]. Using the model, the 

same authors develop a generalized predictive control law for the control of stack temperature 

[82]. Formulate the cost function specific to the model and the generalized predictive controller 

framework, the authors show the controller  

(i) is stable, 

(ii) has performance comparable to a well tune PID controller for single input case, 

(iii) exceed the performance of PID controller when it regulates both maximum and 

minimum temperature of the fuel cell stack, and 

(iv) can integrate with a Kalman filter to estimate the state of the system. 

Researchers in Denmark and Switzerland considered a PEM fuel cell stack, an 

electrolyzer, and a compressor to produce electricity and cooling. The algorithm allows the 

researchers to use the actual building as a thermal storage. During the warm period of the day 

where the electricity price tends to be expensive, the controller cools the building in advance. 
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When the cost is high, the controller turns on the fuel cell and sells the high-price electricity to 

the electrical grid [83]. This device configuration is simple and suitable for a residential 

building [84]. 

The control of fuel cell system is to (i) handle abrupt change in voltage, (ii) reach the 

target load effectively, and (iii) meet all constraints of the system. For solid oxide fuel cell, the 

high operating temperature demands stringent control to maintain the temperature within the 

stack, proper fuel utilization, and balance of pressure between the anode and cathode 

compartments [85].  

 Predicting	building	energy	consumptions	and	PV	outputs	2.7

Infrastructure planning, generators dispatch and allocation, and the use of advanced 

control for hybrid energy system with storage all require prediction in year, month, or days. 

While scientists and engineers know the factors affecting the building energy consumptions and 

PV outputs, finding the correlation between the input factors and the outcomes of energy 

consumption or PV energy generation are difficult. Techniques for predicting energy 

consumption of buildings include statistical models, engineering models, and machine learning 

models. The factors affecting the load of the buildings are weather data and time [86]. With the 

attentions to the energy consumption of buildings and the advent in sensor technologies, more 

buildings are equipped with data acquisition device to provide an abundant of information on 

the electrical, cooling, and heating of buildings. The abundance of data also lend to the 

extensive application of machine learning to predict the load of buildings [87]–[89].  

Similarly, the factors affecting the PV energy production depends on solar radiation, 

cloud cover, atmospheric turbidity, humidity, air temperature,  and wind speed [90]. Similar to 

the prediction of the energy consumptions of buildings, researchers often use machine learning 
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construct model to predict the PV outputs[90], [91]. The overall goal is to develop models that 

are accurate for large PV power plants to enter bidding in the power generation market in 

competitive with conventional generators. 

 Summary	and	contribution	2.8

Summary of relevant research and the contribution of this PhD proposal are given in 

Table 2. This research are based on the experience operating two fuel cell prototypes designed 

for residential buildings and the current research in the electrical infrastructure in the lab. 

Table 2 Summary of relevant work and the current research contribution 

Topics Relevant work Current research 
contribution 

Dynamic modeling of fuel 
cell systems 

AAU:[25], [26], [92] 
UCI: [21], [31] 

Dynamic modeling based on 
first principles with 
verification at steady and 
dynamic conditions. 

Control strategies of fuel 
cell systems 

U. of Michigan: [42]–[44] 
CSIC-UPC: [45]–[48] 
AAU: [26] 

Evaluate the control strategies 
based on a fuel cell prototype 
operated in the lab. 

Control of energy systems 
with storage 

UCI: [62],[93]–[95] 
UCB: [66],[61], [67], [96] 

Implementing control of an 
integrated fuel cell, solar, and 
energy storage system. 
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3 Approach	

 Task	1:	Literature	review	3.1

In this dissertation task a review the current literature on the topics of modeling of fuel 

cell systems, fuel cell system design, micro-cogeneration for residential buildings, control of 

fuel processors, and control strategies applied to the built environment is accomplished. This 

activity aims to educate the author and the reader on the methods and technologies that are 

available and have been previously investigated. In addition, this activity fosters the ability to 

see the ‘forest’, the ‘trees’, and the interconnection among different research groups and 

activities. 

 Task	2:	Develop	and	verify	models	of	high	temperature	PEM	fuel	cell	3.2

systems	

The major components of the typical fuel cell system are presented in Figure 1. In this 

task models of each of these major components and fully integrated fuel cell systems are 

developed. These models use conservation of mass and energy to determine the temperature and 

concentration of gas streams. After running each model individually, the components are 

connected to form a complete fuel cell system. 
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Figure 1 Process flow and components in a fuel cell system 

This research also involves tuning the models using the data from the GensysBlue fuel 

cell system and the experimental data on a single fuel cell stack provided by Aalborg University 

(Denmark). Specifically, operating the fuel cell system GensysBlue gives operational data on 

temperatures of the gas streams. A steady-state model developed in the computer program 

ASPEN provides the expected gas concentrations. From these two sources of information, this 

research project can tune the model to match the observed response.  

At Aalborg University the collaborator has run experiments on pure hydrogen, and 

reformate gas. The experiment ran the fuel cell at power densities up to 0.3W/cm2 and allows 

this research project to tune the fuel cell model to similar power densities. This fuel cell model 

is then used in evaluating the two fuel processing methods, as explained in the next section. 

 Task	3:	Compare	fuel	processing	methods	3.3

Steam reforming and autothermal reforming are the two common methods to convert 

fuel to reformate gas for use in a fuel cell. This research compares the fuel processing methods 

with the integration of the fuel cell stack, as shown in Table 3. In the configuration on the left, 

the cathode recirculation circulates heat and humidity to the autothermal reactor. In the 
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configuration on the right, the exhausts from the anode and cathode are burned; the heat is then 

transferred to the steam reformer.  

Table 3 Fuel cell configurations 

Autothermal reforming Steam reforming 
Cathode recirculation to provide heat and 
steam to ATR 

Burn anode and cathode exhaust to provide 
heat for steam reforming 

 

 Task	4:	Gather	and	process	dynamic	experimental	data	from	3.4

commercial	buildings	and	photovoltaic	panel	outputs	

With funding from the California Energy Commission (CEC), the Advanced Power and 

Energy Program (APEP) collected, organized, and maintained a database of energy 

consumption of buildings in California. These data are collected at 15-minute resolution, and 

include electrical, cooling, heating, and weather data of the building. The data includes several 

missing or erroneous reading, as shown in Figure 2. This tasks organize data into structure 

suitable for optimization and simulation, detect faulty readings and outliers, and generate 

forecast of the system. 
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Figure 2 Sample energy use of the building 

 (a) by week for the two years 2007, 2008; (b) energy data of the week July 6—13, 2008 

 

 Task	5:	Design	energy	systems	comprised	of	fuel	cells,	photovoltaic	3.5

panels	and	battery	energy	storage	to	satisfy	the	dynamic	energy	

demands	of	buildings	

Two buildings are selected for further optimization and implementation of advanced 

control. The normalized load of building are given in Figure 3 
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Figure 3 Sample normalized power demand of buildings 

 (a) Canon B has a low peak-to-base-ratio; (b) has a high peak-to-base ratio 

 

This task of the research involves the design of integrated distributed energy system 

configurations that consider two alternatives: (i) photovoltaic panels and battery, and (ii) fuel 

cell, photovoltaic panels, and battery. 

 Task	6:	Implement	control	strategy	to	meet	electrical	and	cooling	3.6

demands	

Currently, most fuel cells for stationary power generation operate at constant power 

output, which is often referred to a “base-load” operation. While this method is easiest and 

supports high capacity factor and long operational life of the device, it is becoming important 

for the energy system to operate dynamically to (i) compensate for the intermittency of 

renewable energy sources and (ii) gain more acceptance from the electrical utility companies.  

To study the controller of the fuel processor needed to operate the fuel cell dynamically, 

the research follows these steps: 
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(i) Create forecast based on weather data and time. Evaluate the uncertainty 

(ii) Implement a controller based on prediction and current state to optimize the 

performance of the system. The performance may include reduce the power set 

point variations on the fuel cell, or the size of battery. 
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4 Experimental	set	up	&	model	development	

 Fuel	cell	stack	4.1

 
A 14 cell stack was tested in a Greenlight fuel cell test setup with an external oil 

cooler/heater. Details of the experimental setup are presented elsewhere [97]. A setup schematic 

is presented in Figure 4 and a picture of the setup is presented in Figure 5. 

This current Greenlight fuel cell test setup is capable of mixing gases on both the anode 

and the cathode sides. On the anode side, a collection of mass flow controllers can produce 

mixtures containing H2, CO2, CO, CH4 and H2O. On the cathode side, a mixture of air and H2O 

is possible. The system will itself calculate the specific flows based upon input gas 

compositions for the anode and cathode flows. 

 
 

 
Figure 4 Schematic of the system setup 
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Figure 5 Fuel cell test setup 

 

The system is connected to a cooling/heating system that is designed to control the input 

temperature of the oil to the fuel cell. The temperature and pressure of the oil is measured at input and 

output of the fuel cell stack. The oil coolant used in this system is Paratherm NF heat transfer fluid [98] 

and this cooling/heating system can be seen on the left-hand side of the photograph in Figure 5. 

The fuel cell stack that was used in the current experiments was produced by Serenergy[99]. The 

fuel cell stack is comprised of 14 cells, each with a cross section of 163.5 cm2 cross-sectional active area, 

flow channels of serpentine design. The bi-polar plates is designed with parallel oil flow channels. 

The fuel cell was tested with a range of different gas compositions and temperatures. For every 

operating parameter that was manipulated, two polarization curves are created. These polarization curves 

were produced by increasing the current by 2A over 5 seconds, waiting for 30 seconds, then increasing 

the current again until the voltage of one cell fell below 0.2V. When this limit was reached, the load was 

decreased in 4A increments until no load was applied. Between the parameter changes, the fuel cell is 

reset by running at a 33 A load (corresponding to 0.2A/cm2 ) on pure hydrogen. The experiment proceeds 

after purging pure hydrogen for 600 seconds and all the cell voltages are above 0.5V. 

The test sequence was fully automated and a range of different parameters were tested. The 

parameters tested in this setup were operating fuel cell stack temperatures, anode and cathode 
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stoichiometry, and simulated steam reforming gas concentrations with variable CO concentrations. The 

temperature was varied between 150◦C and 175◦C and experiments were conducted using both pure 

hydrogen and reformate gas. On pure hydrogen, the anode stoichiometry was tested in the range from 

1.25 to 1.4, and the cathode stoichiometry was tested in the range from 2 to 4. The recommended 

stoichiometry for this HTPEM fuel cell is 1.35 for the anode and 2-3 for the cathode [31]. The reformate 

gas test was conducted with a constant stack temperature of 160◦ C and a constant stoichiometry. The 

reference reformate gas composition is set to 60% H2, 24.2% CO2 , 0.8% CO, and 15% H2O. The 

complete test matrix is shown in Table 4. 

 
Table 4 Test matrix. N2 is used for make-up gas 

Index Temp. (oC) Cathode stoic. Anode Stoic. CO (%) 

Anode: hydrogen (100%)       
   1 - 6 150 – 175 3.5 1.35 0 
   7 - 11 160 2 – 4 1.35 0 
   12 - 15 160 3.5 1.25-1.4 0 
     
Anode: reformate gas (60% H2, 15% H2O)   

   16 - 20 155 - 175 3.5 1.35 0.8 
   21 - 23 160 3.5 1.35 0.25 - 1 
   24 - 27 160 3.5 1.4 - 1.6 0.8 
   28 - 31 160 2 - 3.5 1.35 0.8 
   40 - 41 160 3.5 1.35 1.5- 2 
     
Anode: reformate gas (41%H2, 8.5% H2O)   

   32 – 39 160 - 180 3.5 1.35 1 
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 Fuel	cell	systems	4.2

The primary fuel cell system studied in this work is based on a natural gas CHP unit 

based on high temperature PEM fuel cell prototype developed the company Plug Power. A 

second fuel cell system with limited operation data is developed by the company Doosan Fuel 

Cell America (formerly Clear Edge Power, Inc).  Figure 6 shows the schematic of the fuel cell 

system consisting of a fuel processor, a fuel cell stack, and a thermal management and heat 

recovery unit. Natural gas entered the fuel processor, reacted with steam and oxygen to form a 

reformate gas, and entered the anode of the fuel cell stack. As the reformate gas entered the 

cathode of the fuel cell stack, the stream reacted with air on the cathode to produce electricity. 

The remaining fuel in the anode exhaust was burned in the heat recovery unit to produce hot 

water. The cathode exhaust mixed with the incoming natural gas to provide heat, oxygen and 

steam. 

 

Figure 6  Schematic of the fuel cell system 
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Photo of the fuel cell prototype is shown in Figure 7. The fuel cell has as integrated fuel 

processor, a high temperature PEM fuel cell stack, and a heat recovery unit. To operate the fuel 

cell, a natural gas line, a water loop, and a data acquisition unit were installed. The unit operated 

for 1,746 hours, producing 3,536 kWh of electricity with efficiency shown in Table 5. The heat 

recovery unit produces 12,289 kWh of heating. The thermal efficiency of the system was not 

reported because of difficulty in measuring the temperature of water entering and exiting the 

system with sufficient accuracy. 

 

Figure 7  Fuel cell prototype 
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Table 5 Measured electrical efficiency of the fuel cell prototype 

Power output (kW) Operation time (days) Measured electrical efficiency 
(%) 

1.6 39 37 
2.3 1 36 
2.9 4 35 
3.5 17 30 
4.1 2 28 

 

Figure 8 shows the electrical outputs of the fuel cell from June 2011 to February 2012. In 

June, the fuel cell operated at 3 kW. In July, the fuel cell went through a power increases from 

1.5 to 3.5 kW. At each power set point, the fuel cell operated for at least 8 hours before 

transitioned to a new power set point. In August, the fuel cell went through an increase in power 

from 1.7 to 2.2 and then 3.5 kW within 30 minutes to test the dynamic response. In January to 

February 2012, the fuel cell operated mostly at 1.7 kW. These data provide information on the 

steady state and transient performance of the fuel cell system.  
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Figure 8 Power outputs of the fuel cell prototype 

 

The fuel processor had a thermally integrated configuration similar to the one  proposed 

by Northrop et al [39]. As shown in Figure 9, natural gas mixed with the cathode exhaust and 

raised the stream temperature to 150°C. The stream went through heat exchangers section 1 and 

2 until it reached the autothermal (ATR). At the inlet of the ATR, the stream temperature was 

550°C. The reaction inside the ATR raised the stream temperature to 600 – 700oC. Following the 

ATR, the first heat exchanger section (HX1) reduced the reformate temperature to approximately 

300oC before entering the high temperature shift (HTS) reactor. The second heat exchanger 

section (HX2) further reduced the reformate temperature to 160oC and sent the reformate gas to 

the fuel cell stack.  
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Figure 9 Schematic of a fuel processor thermal integration concept (adapted from[39]) 

The fuel cell stack was a high temperature PEM fuel cell using a PBI membrane and 

operated at 160°C. Mineral oil was used to maintain the stack temperature. Because of this 

operating temperature, the stack could tolerate carbon monoxide concentration up to 1%. In 

addition, this high temperature allowed the use of a cathode exhaust for providing heat, steam, 

and oxygen to the fuel processor [25]. The stack had 100 cells, and produced up to 5kW of 

electricity.  

Exiting the fuel cell stack, the anode exhaust went to the thermal management and heat 

recovery unit. The thermal management and heat recovery unit had three major functions: 

 Bring the fuel processor and fuel cell stack to operating temperature at startup 

 Recover heat from the anode exhaust.  

 Maintain temperatures in multiple reactors. 
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Figure 10 Thermal management and heat recovery unit 

(ATO = anode tail gas oxidizer; HX = heat exchanger) 

The thermal management and heat recovery unit contained two reactors (anode tail 

oxidizer and burner), four heat exchangers (for gas, water, and coolant), and a three-way coolant 

valve, as show in Figure 10. A three-way valve regulated coolant temperature by adjusting the 

amount of coolant to the radiator heat exchanger as described in the patents [100], [101].  

Figure 11 shows the ClearEdge Pure Cell 5 fuel cell system operated in the laboratory. 

This fuel cell system is based on steam reforming natural gas, has less thermal integration than 

the first fuel cell. From the operation view, the fuel cell shows high reliability and reasonable 

efficiency. The Clear Edge system operates at 3.8kW net electrical output from August 2012 to 

May 2013. On average, the system operates with the electrical efficiency of 37% with higher 

efficiency when the system gets a new stack (Oct 2012 and Feb 2013). Due to limited operation 

data, this research will focus primarily on the control of the first fuel cell system. 
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Figure 11 Second fuel cell system operated for the research 

 

 

 Modeling	method	4.3

The dynamic model of the fuel cell is developed to identify the electrical, thermal, 

chemical, and electrochemical response of the fuel cell, using a simplified geometric 

representation of the fuel cell stack and which could enable a control system development and 

model-based control. To maintain short simulation time, a model that only resolves the unit cell 

control volumes (e.g. bipolar plate, cathode gas compartment, membrane electrode assembly, 

and anode gas compartment) is used. The seven gases considered are CH4 , CO, CO2, H2, H2O, 

N2, and O2. A vector containing the flow rate, gas concentration, and temperature is passed 
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between component models. The fuel cell is divided into nine control volumes in the direction 

perpendicular to the flow direction. As shown in Figure 3, the five types of control volumes used 

in the model are: solid plate, bulk gas, gas diffusion layer (GDL), membrane electrode assembly 

(MEA), and coolant. Within these control volumes, the model simulates the heat transfer and 

mass transport to determine temperature and gas concentrations. The voltage is calculated from 

the gas concentration at the electrode-electrolyte interface. In the fuel cell, the hydrogen is 

consumed along the flow channels causing a distribution in current density within the cell. Some 

models attempt to simulate the change in concentrations by incorporating the spatial 

discretization along the gas channel ([21], [24]) and using the equipotential constraint to solve 

for the current distribution. In contrast, this model assumes a uniform current distribution and 

iteratively determines the voltage from the gas concentrations at the outlet of the cell. 

 



 

39 

 

 
Figure 12 Control volumes of the fuel cell model 

 Major	assumptions	4.4

The modeling method follows the method outlined by Mueller et al. [21]. At the high 

operating temperature, water is assumed to be in vapor phase in the gas channels and electrodes 

so that a single phase flow is considered. The water drag coefficient that is used to determine 

water back-diffusion from cathode to anode in a traditional low temperature PEM is assumed to 

be zero for this high temperature PEM fuel cell [102]. Finally, because the high temperature fuel 

cell shows negligible degraded performance effects from carbon monoxide levels below 2%, the 

poisoning effect of carbon monoxide is not considered in the current model [103]. The 

experiments conducted in the current work will partially verify whether or not this is a good 

assumption. 
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4.4.1 Energy	and	species	conservation	

Temperatures of the solids are calculated using: 

  (4) 

where  .  is the density of the solid, V is the volume, C is the specific heat capacity, and 

 is the net amount of heat entering the solid volume. 

Temperatures of the gas and coolant are determined by: 

  	   (5) 

Because this fuel cell operates at atmospheric pressure, the variation of pressure in the 

system is negligible, ( ∑ 0). In the equation, N is the number of moles in the control 

volume,  is the specific heat,  is the molar flow rate,  is the enthalpy of the flow, and  is 

the net amount of heat entering the control volume. 

The gases considered in this model are CH4, CO, CO2, H2, H2O, N2, O2. The model 

developed in this paper used a vector consisting of flow rate, gas concentration, and temperature 

to connect different part of the model. Species mole fractions at the exit of each control volume 

are: 

 Φ (6) 

Where 	is the species mole fraction vector, Φ is the species diffusion flux from the 

adjacent volume.  
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4.4.2 Autothermal	reactor	(ATR)	and	high	temperature	shift	(HTS)	model	

The autothermal reactor converts natural gas into a stream rich in hydrogen through 

partial oxidation, steam reformation, and water gas shift reactions. The model calculated the rate 

of conversion using the equations proposed by Jin et al. [104], Yuan et al.[105], and Xu and 

Froment [106]. Based on the inlet concentration and temperature, the model calculated exit 

species concentration. Temperatures of the gas outlet and catalyst were determined using 

equations (4) and (5).  

The HTS reactor reduces the carbon monoxide content to a safe level for the fuel cell 

stack using the water gas shift reaction. Since the rate of carbon monoxide conversion at high 

temperatures (~300oC) is fast, the model assumed chemical equilibrium at the outlet [39]. The 

HTS model calculated the  conversion rate using the rate outlined by Aguiar et al.[107].  

During the comparison between experimental data with simulation results, we estimated 

the hydrogen produced from the fuel processor by assuming a conversion efficiency of 95% from 

methane to hydrogen. The flow rate of hydrogen is estimated from the equation 

 →  (7) 

Where  is the efficiency of the fuel processor (95%), HHV is the higher heating 

value of natural gas or hydrogen. 

4.4.3 Fuel	cell	stack	model	

4.4.3.1 Fuel	cell	mass	transport	
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Gases in the anode and cathode channels diffuse through the gas diffusion layers (GDL) 

to and from the catalyst layers. At the catalyst layers (assumed to comprise the interface between 

the GDL and the electrolyte control volumes), gas molecules participate in electrochemical 

reactions at this triple-phase interface of the catalyst layer, electrolyte, and gas phase. The model 

calculates the mass transport of hydrogen, water, oxygen, and nitrogen. The mass transport 

coefficient in the gas channel and through the GDL is: 

  (8) 

Where Sh is the Sherwood number,  is the diffusion coefficient, and DH is the 

hydraulic diameter of the gas flow channel. 

The Sherwood number is determined from the heat and mass transfer analogy: 

  (9)

  
Where Nu is the Nusselt number, Pr is the Pradtl number, Sh is the Sherwood number, 

and Sc is the Schmidt number. 

Rearrange the equation to solve for the Sherwood number, we obtain 

  (10)

Where α and DAB are the thermal and mass diffusivities respectively. 
 

The diffusion coefficient is calculated using the Bruggeman correlation with a 

modification for the effect of porosity and tortuosity in the GDL as follows: 

  
(11) 
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 .  (12) 

 
 
Where  is the species diffusion coefficient at standard pressure and temperature,  

is the effective species diffusion coefficient and  is the GDL porosity.  

Components of the diffusion resistance  are: 

 
,

1
1
,

,

 
(13)

Where , is the total diffusion resistance of each species, A is the area of diffusion, 

,  is the mass transport coefficient from equation (8),  is the thickness of the GDL, and 

,  is the diffusion coefficient of the ith species from equation (11). 

The species diffusion fluxes Φ between the GDL and the gas channels are then: 
 Φ  (14) 

Where  and  are the concentration in GDL and the bulk gas. 
 

 

4.4.3.2 Fuel	cell	heat	transfer	

 
The convective heat transfer between solids and gases are solved as follows: 

  (15) 

 

Where h is the convective heat transfer coefficient, A is the convective area, and 

 is the temperature difference. 

The convection coefficient h is determined from the Nusselt number (Nu) as follows: 

 
∑

 (16) 
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Where ∑  is the conductive heat transfer coefficient of the gas mixture, and DH is the 

hydraulic diameter. 

Conduction heat transfer is determined from Fourier’s law: 

  (17) 

Where k is the conduction heat transfer coefficient, A is the conduction heat transfer area, 

L is the thickness, and (T2 – T1) is the temperature difference between the two mediums. 

 

4.4.3.3 Fuel	cell	electrochemical	reactions	

 
The model calculates the Nernst voltage, and the activation and ohmic losses to 

determine the voltage of the fuel cell. Because the fuel cell operates at relatively low current 

density, the model does not separately account for a concentration loss. The physics of 

concentration polarization are rather explicitly accounted for in the GDL diffusion calculations. 

The cell voltage is thus determined as: 

  (18) 

Where  is calculated based upon the temperature and concentrations of H2 , O2 , 

and H2 O at the electrode-electrolyte interface. 
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Figure 13 Comparing the exchange current density in the literature with the model’s fit 

The activation polarization is calculated from the Tafel equation. The exchange current 

density at the reference point is expressed as an exponential function in the form show in 

Equation (19) and determined from previous experimental measurements. The specific parameter 

values used in the model are given in Table II. Compared to the exchange current density 

measured by [34], the model fit used in the current work calculates a slightly higher exchange 

current density at low temperature, as shown in Figure 4. However, the overall shape and 

magnitude are similar between the current model and those of [34]. The exchange current density 

is calculated as: 

 exp  (19) 

Where T is the temperature of the electrolyte, a and b are the fitting parameters. 

 
Table 6  Model parameters used in the current fuel cell model 

Description Value Units 
Geometry   
 Depth of gas channel (anode and cathode) 1 mm 
 Depth of cooling channel  2 mm 
 Thickness of GDL  0.4 mm 
 Thickness of electrolyte  0.05 mm 
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 Thickness of separator plates  1 mm 
   
Thermodynamic properties   
 Separator plate density 2210 kg/m3 
 Separator plate specific heat capacity 0.5 kJ/kg-K 
 Electrolyte dry density 2200 kg/m3 
 Electrolyte dry equivalent weight 1000 kg/kmol 
 Electrolyte solid specific heat capacity 2.179 kJ/kg-K 
   
Heat transfer properties   
 Separator plate & bipolar plate conduction coefficient 0.22 kW/m-K 
 Nusselt number of anode gas & cathode gas 6  
 Nusselt number of coolant liquid 15  
   
Mass transport properties   
 GDL void fraction 0.5  
 GDL porosity 0.51  
 Area of diffusion 225 cm2 
   
Polarization constant   
 GDL electronic conductivity 90 S/m 
 Membrane proton conductivity 20 S/m 
   
Exchange current density   
a 1.39x10-8 A/m2

b 0.04 1/K 
 

 Heat	exchanger	and	combustor	model	4.5

The model calculated the gas outlet temperatures using NTU-ε method. In the calculation 

steps, the model used the correlations for shell-and-tube or plate heat exchangers that 

corresponded to the heat exchanger type used in the fuel cell prototype. To approximate the 

delay in temperature response, the model used a transfer function. 

The models of the anode tail gas oxidizer and the burner were sequential: complete 

combustion of hydrogen, followed by partial oxidation of methane, and lastly oxidation of 
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carbon monoxide. Based on the enthalpy difference between the inlet and outlet, the model 

calculates the exit temperature. 
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5 Model	results	of	the	high	temperature	PEM	fuel	cell	

 High	temperature	PEM	fuel	cell	stack	5.1

5.1.1 Steady	state	performance	

 
Figure 14 shows the experimental results for pure hydrogen and air operation at 160o C. 

The anode stoichiometry is 1.35 and the cathode stoichiometry is 3.5. In the plot, the mean and 

one standard deviation are included, as determined from the measured cells voltages. It can be 

seen that the deviation grows larger as the current increases. At current density below 0.3A/cm2 , 

the standard deviation is below 30mV. At a current density of 0.5A/cm2 , the standard deviation 

grows to 80mV. This large deviation is caused by some weak cells in the stack that cannot 

sustain voltage when high current density is imposed. The steady-state performance of the model 

is also presented in Figure 14. Compared to the experimental data, the model results agree to 

within 10 mV throughout the current density regime tested. The calculated voltage deviates 

outside of the standard deviation band only at very low current density, which is below the 

practical operation range. Because the values of the standard deviation do not differ much in 

subsequent measurements, the standard deviations are omitted in subsequent plots to enhance 

readability. 
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Figure 14 Voltage and current of fuel cell on hydrogen and air at 160◦C 

 Error bar shows one standard deviation 

 
 
Figure 15 shows the effect of short stack operating temperature at 155 and 175o C for the 

case of the fuel cell running on hydrogen and air. As temperature increases, the stack shows an 

improvement in voltage on the order 30mV. This is due to an improvement in electrode kinetics 

and conductivity. The model captures the effect of temperature in Equation (19) with the 

dependence of the exchange current density on temperature. For current density levels below 

0.05 A/cm2 , the model shows a higher voltage because it does not take into account the species 

crossover (usually represented as a leakage current) in the electrolyte. At current densities 

between 0.2 to 0.4 A/cm2, the fuel cell voltages predicted by the model very well match those of 

the experiments for both temperatures evaluated. In the higher current density regime a linear 
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dependence on current density is observed, which may be facilitated by more water vapor 

production, resulting in an improvement of the membrane conductivity, as stated by [22], [108]. 

For the conditions experimentally investigated, there appears to be no significant concentration 

polarization, confirming that our major assumption in this regard is reasonable. 

 

 
Figure 15 Polarization curve on hydrogen at 155 and 175oC 

Figure 16 compares the polarization curve measured when the stack was running on 

hydrogen and reformate gas at 160o C. The reformate gas composition is similar to reformate 

obtained from the steam reforming process with 60% H2 , 15% H2 O, and 0.8% CO. The 

polarization curve running on reformate gas with CO concentration of 0.25 and 0.5 is identical to 

the voltage and current of the stack when running reformate with a CO concentration of 0.8%. 

The voltage of the stack shows that the PBI MEA can tolerate CO concentrations up to 0.8% at 
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160oC with negligible performance losses. This conclusion is consistent with data reported in the 

literature [36]. When running on reformate gas and hydrogen, the observed fuel cell voltage 

shows slightly higher voltage than the model, especially in the higher current density regime. A 

possible explanation for the slightly higher experimental voltages observed in these polarization 

curves is that the higher anode flow rate for the reformate case which is required to maintain the 

same stoichiometry improves the gas diffusion on the anode side, leading to a very slight voltage 

improvement. 

 
Figure 16 Polarization curve on hydrogen and reformate gas at 160oC 

 

 
 

5.1.2 Dynamic	operation	performance	

 
Figure 17 shows one of the dynamic current perturbations that was imposed on the fuel 

cell stack. In this experiment, the current density instantly increases from 0.09 to 0.18 A/cm2, 

stays at this level for 30 seconds while the voltage settles, and then instantly decreases current 

density back to 0.09A/cm2 . The data is logged at 10Hz. To maintain sufficient fuel and airflow to 
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the fuel cell stack during the increase in current, the mass flow controllers increases the flow rate 

of both reactant streams 10 seconds before the higher current is drawn from the stack. This 

preparation leads to an increase in the stoichiometric ratio of the cathode and anode during the 

times of low current density, as shown in Figure 18. 

 

 
Figure 17 Current density set point for the fuel cell stack dynamic perturbation 
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Figure 18 Anode and cathode stoichiometric ratios increase to prepare for the increase 

in current 

 
 
The concentrations and flow rate of the fuel are shown in Figure 18 and Figure 19. The 

concentration of CO is maintained at 1% throughout the dynamic experiment. During the ramp-

up of fuel flow to prepare for an increase in current, the flow rate has an unexpectedly large 

overshoot before settling to the higher flow due to the internal control action that is applied by 

the test stand to manipulate the mass flow controllers. For the decrease in current, the mass flow 

controllers reduce the flow rate with no overshoot. To compare the dynamic model with the 

experimental data, we used the experimentally determined flow rates of fuel and air as inputs to 

the dynamic simulation. 
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Figure 19 Composition and flow rate of the anode gas inlet 
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Figure 20 shows the measured voltage of all 14 cells within the stack as it responded to 

the dynamic current and flow perturbations shown in Figures 8, 9, and 10. During the time from 

40 to 70 seconds, the voltages of the cells have a large variation from 0.19 to 0.54V. For the step 

increase in current at 40 seconds, the two cells that have the lowest voltage also have the slowest 

recovery time. Further comparisons amongst the cells regarding their time response 

characteristics are provided in the later sections of this paper. 

 
Figure 20 also shows that the relative voltage responses of the individual cells do not 

seem to be correlated to the location of the cells within the stack. The cells at the edges may have 

reasonable voltage, whereas the cells in the middle of the stack may have the lowest response. 

For instance, the cells numbers 2 and 14 have the lowest voltages, but the two cells located in the 

adjacent positions, cells numbers 1 (edge cell) and 13, have voltages in the mid range of all those 

measured. The three cells numbers 5, 6, and 10 have the highest voltages, but they do not 

correspond necessarily to any particular position in the stack. Further analysis on the cell 

material and the installation process are needed to explain the large cell-to-cell variations in 

voltage that are observed in this fuel cell short stack. 
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Figure 20  Measured voltages of all the cells for steps in current 

 
 
 

The voltage dynamic response of selected cells in the fuel cell short stack is shown in 

Figure 21. The recorded voltage dynamics of the three best performing cells number 5, 6, and 10 

are presented here. The dynamic response of the fuel cell consists of three primary parts: (i) fuel 

and air flow dynamic increases while the current remains constant at 0.09 A/cm2 , (ii) the instant 

current increase perturbation to 0.18 A/cm2 , and (iii) instant current decrease perturbation (back 

down to 0.09 A/cm2 ) with corresponding fuel and air flow decrease. During the first part, at time 

between 31 to 39 seconds, because the current is held constant and the fuel and air flow rates are 

increased, the cell voltage increases from around 0.63 to around 0.66V for all three cells. The 

overshoot from the fuel and air flows at 39 seconds results in a one second peak voltage that is 

observed in the model, but, that is not as apparent in the measured results. The 10 Hz resolution 

of the experimental measurements is the primary reason that short term dynamic responses are 

not as apparent in the data. Another contribution to slower observed experimental response could 

be the manifold volume, which reduces the impact of the flow rate overshoot. Compared to the 
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experimental data, the cell voltage shows an increase in the voltage with a similar trend during 

this fuel and air flow perturbation. 

 
Figure 21 Comparison of the voltage response for cell 5, 6, and 10 with the model 

 

In the second part of the perturbation, where the current instantly increases from 0.09 to 

0.18 A/cm2 and remains there for 30 seconds, the measured voltages rapidly decline to 0.55V. 

The response consists of a fast response due to conduction and electrochemical reactions, and a 

slower response due to small changes in temperature that occur during the dynamic perturbation. 

Both experimental data and model show stable voltage after 10 to 20 seconds. The experimental 

data show an undershoot in voltage to about 0.52V before settling back up to 0.54V. This 

undershoot most likely comes from the transient response of the flow within the cell channels 
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In the third part of the dynamic perturbation shown in Figure 21, where the current 

decreases to 0.09 A/cm2 , the experimental data and model both show that a stable voltage is 

achieved after 3 to 7 seconds. The experimental data show a small overshoot that may come 

from the hydrogen that is effectively stored within the anode flow channel volume when current 

demand decreases. The dynamic model shows a response with two parts, similar to those 

observed in the experiment when the current is perturbed. Throughout the two changes in 

current, the recorded voltage from the three cells and the model are very similar in magnitude 

(within 20mV) and dynamic response characteristics. 

 

 

Figure 22  Comparison of the voltage response of cell 1, 2, and 3 with the model 
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Figure 22 shows the voltage response for cells number 1, 2 and 3, which were observed 

to be quite different in their response characteristics compared to the fuel cell model calculations. 

The three cells are adjacent to each other, and located at the edge of the fuel cell stack. At the 

beginning and end of the experiment, the two cells number 1 and 3 have voltages close to the 

values calculated by the model. But, when the current increases, the two cells have voltage drops 

that are much lower than the average recorded voltage and certainly much less than cells number 

5, 6, and 10, as shown in Figure 12. Among these three cells, cell number 2 has the worst 

performance. At the beginning and end of the experiment, the voltage of cell number 2 is lower 

than the other two cells by 0.1V. During the increase in current, the cell voltage reduces to 0.2V. 

Even when the current is instantly reduced to the initial level, the cell cannot recover to its own 

initial voltage level. Because the three cells are adjacent to each other, we suggest that there is 

not likely a significant difference in temperature and flow distribution that could contribute to 

these observed differences in cell performance. The observed differences may be attributed the 

variations in the cell MEAs themselves, the membrane and short stack assembly process, or the 

manifold distributing the fuel to the cells. As more research is dedicated to the fuel cell stack 

development, we hope that the variations among the cells will be reduced. 

 High	temperature	PEM	fuel	cell	system	for	residential	micro‐CHP	5.2

5.2.1 Steady	state	results	

5.2.1.1 ATR‐based	Fuel	processor	

Table 7 shows the concentration profile of the reactor along the stream. The incoming 

fuel mixes with the cathode recirculation stream. This mixing provides steam, oxygen, and heat 
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to the system. As results, the gas temperature entering the ATR is at 145oC. The stream is 

preheated, then entered the ATR where it is reform into a stream rich in hydrogen. In this 

configuration of the mixing, the high temperature of the PEM stack is advantageous for the fuel 

processing. The mixture entering the ATR has a temperature of 145oC, which facilitates the 

heating process needed within the ATR.  

For concentration, the mixture of the cathode recirculation provides oxygen and steam to 

the fuel stream. In the ATR, the mixture reacts to form a stream rich in hydrogen (20.7%), some 

carbon dioxide (4.5%) and carbon monoxide (4.4%). The stream reduces the temperature 

through heat exchanger 1, then goes to the high temperature shift reactor to convert the carbon 

monoxide to carbon dioxide. As results, the concentration of carbon monoxide reduces to 0.2% 

and the concentration of carbon dioxide increases to 8.9%. Nitrogen remains constant through 

the process. 

Table 7 Concentration of the stream along the reaction at low power setting 

(1.5kWth input) 

 Fuel Cathode 
recirculation 

ATR 
Inlet 

ATR HX1 HTS Anode 
inlet 

Flow rate 
[l/s] 

2.73 23.5 26.7 30.7 30.7 30.4 30.4 

CH4 1 0 0.102 0 0 0 0 
CO 0 0 0 0.044 0.044 0.002 0.002 
CO2 0 0 0 0.045 0.045 0.089 0.089 
H2 0 0 0 0.207 0.207 0.252 0.252 
H2O 0 0.219 0.197 0.144 0.144 0.102 0.102 
N2 0 0.704 0.632 0.552 0.552 0.556 0.556 
O2 0 0.067 0.061 0 0 0 0 
Temp (oC) 30 161 145 638 283 335 182 
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Figure 23 shows the temperature profile corresponding to the 3.5kW power set point. 

Through the ATR reactor, the temperature rises to 650oC. At the Heat exchanger 1, the outlet 

exchanges heat with the incoming fuel and reduces its own temperature to 300oC. At the high 

temperature shift, the temperature rises to 330oC. Coming out of the reactor, the temperature 

reduces to 160oC before entering the fuel cell stack. 

 

Figure 23 Temperature profile at 3.5kW electricity  

5.2.1.2 SR‐based	fuel	processor	

Table 8 shows the gas composition through the system for a fuel cell system running at 

5kWe. Water enters the system, goes through a boiler, and turns to steam. The steam to fuel 

ration is three to prevent carbon deposition in the catalyst. The fuel and steam is preheated in the 

heat exchanger, and the mixture enters the steam reformer. Inside the reformer, methane reacts 

with steam and form carbon monoxide, carbon dioxide, and hydrogen. The stream rejects the 

heat in heat exchanger 1, then enters the high temperature shift (HTS) reactor. This reactor 

reduces he carbon monoxide concentration to below 0.6%. . Exiting the shift reactor, the stream 

went through a second heat exchanger to reduce its temperature, then enters the anode of the 

stack. With this simulation, the fuel utilization of the system is 0.76. 
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Table 8 Gas composition of the steam-reforming fuel processor 

 Fuel & 
steam 

SR 
Inlet 

SR outlet HX1 HTS Anode inlet 

Flow rate 
(l/min) 

98 98  145.4  145.4 145.4  145.4  

CH4 0.25 0.25 0.003 0.003 0.003 0.003 
CO 0 0 0.10 0.10 0.006 0.006 
CO2 0 0 0.064 0.064 0.16 0.11 
H2 0 0 0.56 0.56 0.65 0.61 
H2O 0.75 0.75 0.3 0.3 0.18 0.22 
Temp (oC) 30 524 766 330 330 142 

 

The hydrogen concentration in the reformate stream of the SR-based fuel processor is 

60%, much higher than the concentration observed in a ATR-based fuel processor. In addition, 

the stream does not have dilution effect due to nitrogen. Because the water excess is high to 

prevent carbon deposition, the remaining water vapor in the fuel processor outlet remains high. 

Good thermal integration will be needed to avoid penalty on the overall efficiency because of the 

heating of liquid water. 

 

5.2.1.3 Voltage‐current	

Figure 24 shows the voltage-current of the fuel cell. In this scenario, the fuel cell model is 

ran with a fixed fuel utilization of 70% and with a hydrogen concentration of 24%. Experimental 

data are plotted at current density between 0.05 to 0.15A/cm2. At current density lower than 

0.08A/cm2, the experimental data shows a voltage lower than the model. At higher current 

density, the model and experiment agree well. It is possible that at low current density, the fuel 

cell operates at a temperature lower than the design point, leading to a lower voltage. As current 



 

63 

 

density increases, more heat is generated and the fuel cell temperature is closer to the design 

condition. Compared to the current range reported in the literature, the fuel cell stack of this 

system operates at low current density.  

 

Figure 24 V—I curve of the fuel cell stack. Experiment at 1.7, 2.3, 2.9, 3.5 and 4.1 kW 

5.2.1.4 Heat	recovery	unit	

Table 9 shows the efficiencies of the system from measurement and simulation. As fuel 

cell gets nearer to its operating point, the electrical efficiency is reduced. The thermal efficiency 

on the other hand show a modest improvement due to extra wasted heat in the anode.  

 

Table 9 Efficiency of the fuel cell system from measurement and simulation 

Power 
output 
(kW) 

Operation 
time (days) 

Measured 
electrical 
efficiency 
(%) 

Electrical 
efficiency 
(simulated) 

Thermal 
efficiency 
(simulated) 

1.6 39 37 38.6 53 
2.9 4 35 32.75 60 
3.5 17 30 31.26 59 
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Table 10 show the water temperature for the burner is set to different power setpoint 

without the fuel cell turn on. The graph show the model can calculate the water temperature 

within the same range as the measured data.  

 

Table 10 Water temperature change from measurement and simulation 

Burner 
setpoint 
(kWth) 

Water 
temperature 
change 
through the 
system 
(measured) 

(simulated)

5 3.5 3.55 
10 5 6.03 
12.5 6.2 6.9 

 

 

 

Exiting the fuel cell stack, the exhaust gas goes into the heat recovery unit. Shown in 

Figure 25 are the temperatures. The anode tail oxidizer (ATO) has small channels coated with 

catalyst to burn the remaining hydrogen and hydrocarbon in the exhaust gas. From the 

information provided in [109], the ATO temperature is kept in between 300 to 750oC to protect 

the catalyst. Both experimental data and model calculation shows the inlet and outlet temperature 

within this range. The recorded temperature of the ATO is higher than the simulation results. We 

think that the thermocouple in the ATO may receive extra heat from the burner and record a 

temperature higher than the model calculation. After the ATO, the exhaust gas goes through heat 

exchanger 3 to preheat the incoming stream. At the burner, the exhaust gas mixes with extra 
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natural gas and combusts. This burner allows the fuel cell system to provide extra heat to the fuel 

cell or to the heat recovery unit when needed. The temperature in the burner is at 1200oC and is 

much higher than the ATO; the burner is a regular combustion chamber and can sustain a high 

temperature. In heat exchanger 4, the hot exhaust releases heat to the coolant fluid to maintain 

the coolant fluid temperature. Finally, in heat exchanger 5, the exhaust releases the remaining 

heat to the water used for heating.  

 

 

Figure 25 Gas temperatures of the heat recovery unit with burner output at 7.5 kWth 

5.2.2 Dynamic	results	

5.2.2.1 Power	increase	

In this scenario, the fuel cell power output increased from 1.7 to 2.2 kW, as shown in 

Figure 26. The transition of power from the low power set point to the high power set point 

happens within 3 minutes. After the transition, the fuel cell remains at the new power set point 

for 4 hours. Inputs to the model are the power set points and fuel flows, as shown in Table 11. 
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Figure 26 Dynamic scenario considered for simulation. The fuel cell system increases 

the power output from 1.7 to 2.2kW.  

Table 11 Inputs to the model 

Power (kW) Measured fuel 
flow (slpm) 

1.7 6.8 
2.3 9.3 

 

As shown in Figure 27, the current increases from 25 to 34A, and the voltage decreases 

from 68 to 66V. When transitioning to the high power output, both voltage and current oscillates. 

A possible explanation for the oscillation is that some fuel cells cannot sustain high current and 

drop the cells voltage. Detecting the sudden drop in voltage, the controller increases the fuel flow 

to accommodate the weak cells. With higher fuel flow, the weak cells return to the normal 

voltage. This oscillation is observed in the experiment; however, simulating the oscillation is 

beyond the scope of this model. For the purpose of predicting the overall cell voltage and 
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current, the model calculates the voltage and current in close agreement with the experimental 

data. 

 

 

Figure 27 Voltage and current response 

 

During the increase in power, both fuel and air supplied to the fuel cell stack increases. 

This change may affect the temperature of the reactors in the fuel processor. Figure 28 shows the 

temperature of the ATR in the fuel processor. The experimental data show that during steady-

state operation, the ATR temperature is maintained at 650oC. During the increase in power, the 

change in the flows of fuel, air, and cathode exhaust created an increase in temperature from 650 

to 665oC. The controller on board took action and gradually brought down the temperature to the 
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on the power output and the feedback, and (ii) a feedback component based on the ATR 

temperature. For simplicity, this paper considers only a controller with a proportional part. To 

cancel the steady-state error, a controller consists of proportional and integral may be used.  

In the same figure, the measured ATR temperature is stable at the low power set point, 

and oscillates when transitioning to the high power set point. This oscillation persists even when 

temperature is returning to 650oC. A possible explanation for the oscillation is that the 

thermocouple measuring the temperature is located at the hot region of the reactor. This allows 

the fuel cell system to detect the highest peak in temperature, and also show oscillation in the 

reaction zone during an increase in power. In contrast, the model presented in this paper 

simulates the bulk temperature of the outlet. For the purpose of system control, the model 

calculates the ATR temperature values in the same trend with the experimental data.   

The temperature of the ATR depends on steam to methane ratio (steam/CH4) and the 

oxygen to methane ratio(O2/CH4). Increasing the O2/CH4 promotes the exothermic partial 

oxidation, whereas increasing the steam/CH4 promotes the endothermic steam reforming reaction 

[110]. Because there were no accurate measurement of the oxygen and steam within the ATR, 

this paper relies on the model to explain the observed temperature excursion. 
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Figure 28 ATR temperature for a power increase from 1.7 to 2.2 kW 

 

The steam/CH4 and O2/CH4 calculated from the model simulation are shown in Figure 

29. When the power increases, the fuel and air flows increases. At the same time, more steam is 

generated in the fuel cell stack. This additional steam is recirculated to the fuel processor and 

affect the steam/CH4. In this configuration, the ATR temperature is controlled by the amount of 

air entering the system. Figure 29 shows the air controller in action. For an increase in power, the 

O2/CH4 jumps from 0.47 to 0.48. The controller gradually reduces the air flow to bring the 

O2/CH4 back to the initial values. This controller action helps bring the ATR temperature back to 

the normal temperature set point.  
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Figure 29 Calculation of steam/CH4 and O2/CH4 using simulation results 

Figure 30 shows the hydrogen utilization calculated from the experimental data and 

obtained from the simulation results. When the stack is at the low power set point (between 0 and 

1.5 hours), the fuel utilization calculated from the model is lower than the calculated values from 

the experimental data. With the same power set point, the fuel cell stack model operates at higher 

voltage and lower current than the experiment. The lower current leads to less hydrogen 

consumption, and thus smaller hydrogen utilization. When the stack transitionned to higher 

power set point, the currents produced by the model is in closer agreement with the experimental 

data, leading to similar level of hydrogen utilization. 
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Figure 30 Fuel utilization calculated from measured data and obtained from simulation 

results 

Figure 30 also shows that the fuel cell system operates the fuel cell stack at high 

hydrogen utilization level (0.9). This is a surprise because most fuel cell utilization reported in 

the literature is below 0.8. The authors have analyzed the fuel flow data logged from the on-

board data acquisition and from the independent measurement devices, and are confident that the 

fuel flows recorded are accurate. Given the high thermal integration of the fuel cell system, it is 

possible that the designer is aiming for high efficiency. However, the operation of the fuel cell 

stack with high level of hydrogen utilization may lead to the unreliable operation as observed 

during the operational period between 2011 to 2012. 

During an increase in the power of the fuel cell, the fuel and air flows increase at 

different rates, creating a sudden increase in O2/CH4; this increase in O2/CH4 affects the 

temperature of the outlet. Because of the integrated fuel processor configuration, this disruption 

can be self-sustaining, as shown in Figure 31. In this scenario, the O2/CH4 increases from 0.47 to 
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0.48, and then return to 0.47. This rise in O2/CH4 is similar to the rise observed in experiment 

during an increase in power. The response of the ATR outlet, shown in Figure 31, consists of a 

rise and fall in temperature. The initial instantaneous rise in temperature is due to the change in 

O2/CH4. This change enhances the partial oxidation reaction and release more heat to the outlet. 

As the outlet temperature increases and passes through the heat exchanger 1, the outlet stream 

transfers more heat to the incoming stream. In Figure 31, the inlet temperature rises from 550 to 

580oC. The inlet temperature in turn further affects the temperature of the outlet. This positive 

feedback of the integrated fuel processor has been reported in [111]. After the O2/CH4 has been 

back to the normal level at minute 19, the reactor temperature takes more than 20 minutes to 

reach its previous temperature set point. With this insight, we present a controller to maintain the 

ATR temperature during a disturbance. 

 

Figure 31  Temperatures of ATR for a spike in O2/CH4 
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5.2.2.2 Control	of	ATR	temperature	

During a load change, it is desirable to maintain the ATR temperature at a fixed point to 

protect the catalyst material and achieve high H2 yield. In this case, we implement a controller to 

regulate the ATR temperature. Figure 32 shows the ATR temperature response for a controller 

with different gains. As shown in the figure, higher controllers gain regulates the temperature of 

ATR in a tighter range.  

 

Figure 32 Comparing the ATR temperature response with different controller settings 
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The temperature response of the controller in comparison with the recorded data is shown 

in Figure 33. For the first power increase, the measurement shows the ATR outlet temperature 

increases to 670oC. Had the fuel cell system operates at this new power set point for longer time, 

the ATR outlet temperature would have time to reduce to the desired set point at 650oC. At the 

next power increase, the ATR temperature approaches 700oC. We simulate the model with the 

controller presented earlier. In the simulation, the controller maintains the ATR outlet 

temperature within 10oC of the temperature set point. 

 

Figure 33 ATR temperature for a change in power from 1.7 to 2.2 and 3.5kW 

Our dynamic models can simulate well the steady-state and dynamic response at the stack 

level and system level. Different control methods was tested for the ability to regulate the 

temperatures within the system. On a larger scale, there is a need to integrate the fuel cell system 

with renewable energy resources. The following chapters describe the development, 

implementing, and evaluating the sizing and operation of a hybrid energy system consisting of a 

fuel cell, photovoltaic panels, and battery for buildings. 
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6 Design	of	a	hybrid	energy	system	for	buildings	

The optimal size selection of the system is evaluated with the expected lifetime of the 

project to be 20 years. The cost of the technology considered are given in Table 12. The price of 

energy storage systems are found in the range of 500—2,000/kWh [113], [112], [113], . The 

lead-acid battery technology is the common type of energy storage used in stand-alone PV 

systems. The battery itself may cost 170-- 700$/kWh ([114], [115]). In addition, the cost of 

charge controllers, inverter, cabling, and the installation cost brings the cost of battery system to 

about 1,000$/kWh. 

Table 12  Parameters used in the economic analysis of the model 

 Capital 
($/kW) 

Fixed O&M 
($/kW-year) 

Var. O&M
($/kWh) 

Fuel 
($/MMBtu) 

Source 

PV (residential) 3,500–4,500 25—30 -- -- [112] 
PV(commercial) 2,500–3,000 13—20  -- -- [112] 
SOFC 4,000–7,000  -- 0.05 4.5 [57], [112] 
Battery (utility) 500–750 27.5 – 22 -- -- [112], [113] 
Battery (residential) 1,000 20 -- -- [112], [115] 
Costs parameters in the model 
PV 4,000 25 -- --  
Fuel cell 7,000 -- 0.05 4.5  
Battery 600 20 -- --  

 

 

 

 Hybrid	System	Design	Assumptions	6.1

The main assumptions for the optimal sizing of the components in the hybrid energy 

system are as follows: 
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 This research considered the unsubsidized cost for a fair comparison of the system 

 Fast transient not captured in the data will be met by other devices such as ultracapacitor 

or flywheel energy storage devices 

 Effect of clouds and weather on the PV is lumped into the average PV outputs in each 

month 

 PV and fuel cell does not show significant degradation for the entire life of the project 

 Fuel price does not change significantly for the entire time of the project. 

 	Hybrid	System	Design	Method	6.2

The cost function that is  minimized to determine the optimal design of the hybrid system 

is the economic cost of the system as follows 

 	 , , , ,  (20) 

Where ,  is the capital-related annual cost of p, ,  is the fixed annual cost of p, 

, ,  is the variable operation cost of p in t.  

At each time step, the power produced by hybrid energy system is constrained to meet the 

power demand: 

  (21) 

Where , is the PV power output,  is the power output of fuel cell, and  is the 

power output of battery. 

The constraints of the devices are 

Solar must be a scale of the recorded output 
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 0 	 ∙ ∙  (22) 

Where 	  is the size of PV for the system.  is the normalized PV 

output of the system based on historical data. 

Fuel cell output depends on the turn down of the system 

 ∙ 	 ∙  (23) 

Where  and  is the lower bound and upper bound of the operation ranges of the fuel 

cell. 

Battery charge and discharge based on  

 ∙ 	 ∙  (24) 

Where 	 	  are the maximum discharge rate and the maximum charging rate of the 

battery. 

The battery state of charge is given as 

 	 ∙ & 	Δ  (25) 

The &  is set to 0.89. This corresponds to 80% round-trip efficiency. 

 

The State-of charge of the battery ( 	 ) must be within the capacity of the battery 

 ∙ 	 ∙  (26) 

 

Value of the system are given Table 13. 

Table 13  Parameter values used in the optimization 

Parameters Description Values 
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,   Turn down of PV [0 1] 

, 	  Turn down ability of fuel cell [0.6 1] 

 Maximum charging rate  [116] 0.1 

 Maximum discharging rate [116] 0.25 

,  Minimum state of charge [116] [0 1] 

Decay rate Internal loss in the battery 0.9999 

 

 Buildings	considered	6.3

6.3.1 South	Coast	Air	Quality	Management	District	(SCAQMD)	

Located in Diamond Bar, California, the building of the Southern California Air Quality 

Management District (SCAQMD) is a building with 6 floors, 350,000 total square feet, and an 

average of 58,300 square feet per floor. The building serves an average of 1,000 of people at 

work. For cooling, the facility uses electrical chillers to provide on-site cooling. For electricity, 

Southern California Edison provides electricity to the building under the TOU-8 rate. In addition, 

the facility has two sets of turbine. The first set consists of four Capstone 60kW turbines; the 

second set consists of three Capstone 65kW units. Heat recovery units capture the exhaust from 

these turbines and produce hot water for the facility. Figure 34 shows the overview of the 

facility. 
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Figure 34 SCAQMD building viewed from the side and from satellite [117], [118] 

Figure 35 shows the load of the building in a summer week. For both weekdays and 

weekends, the building has a peak-to-base ratio exceeding 3:1. In addition, Mondays of the week 

consistently have a load lower than other days of the week. The load on weekends (June 22, 23) 

are lower than the loads from Tuesday to Thursday, but higher than the load on Monday. A 

possible explanation for high weekend usage is that the facility also has a child-care center, as 

well as conference rooms for non-profit organizations to use.  
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Figure 35 Power demand of SCAQMD building for a week in summer 

Because of the mild summer and winter in this location, the building shows small 

variations of energy used throughout the year. Figure 36 shows the average energy consumed by 

the building in a week for each season. The total electric usage, which is the sum of cooling and 

electrical, is highest during summer and lowest in the winter. The heating is highest in the 

winter.  

 

 

Figure 36 Average energy consumed in a week of each season of SCAQMD building 
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Figure 37 gives the raw data on the building energy consumption by week and the 

processed data. To process the data, a computer program eliminated (i) the days that do not have 

measurement in all 24 hours, and (ii) the weeks that do not have measurements from all 7 days of 

the week. From the figure, the abnormal weeks that have a load lower than the general trend are 

obvious, such as the week of Aug 16, 2007. For this week, an inspection of the original data 

shows there are several days that have missing data, resulting in a total load much lower than the 

overall trend. Several weeks with the load close to the trend line are eliminated as well, such as 

the data from the week of July 5, 2008. The actual data of the load of this particular week are 

given in Figure 37b. From the figure, the data on July 11 to the following day has 12 hours were 

missing. As a consequence, the load from this week was eliminated. After the data processing, 

the data is then used for subsequent sizing of the system. 

 

 

Figure 37 Energy used of the building; (a) by week for the two year 2007, 2008; (b) 

energy data of the week July 6—13, 2008 
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The New Year weeks of 2008 and 2009 both have energy consumed that is higher than 

other weeks even though intuition suggests that the energy consumed must be low. To facilitate 

the optimization, the calculation in the program considers a week to start on Saturday. Because 

Jan 1, 2008 is a Tuesday, the program lumped all data to consider the first week of the year to 

have 9 days. This results in a high weekly energy consumption. The week of the New Year is 

treated separately when doing the sizing and dispatch of the hybrid energy system. 
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6.3.2 Canon	B		

The building Canon B is located in UCI’s University Research Park, a 180-acre (0.8 sq. 

km) area hosting companies whose work intersects with UCI’s mission as a research university 

and who demonstrates a university relationship through research, interns, or other collaboration 

[119], [120]. The university research park is a “living laboratory” with infrastructure for testing 

comprehensive distributed energy resources. In this research park, the Canon B is a commercial 

building with a floor space of 90,000sq. ft. Figure 38 shows the energy demand of the building 

for days in the fall and summer. The building has a low peak-to-base ratio of 2.5 to 1. 

 

Figure 38 Power demand of Canon B building for fall and summer 

Figure 39 shows the energy demand of two weeks in 2008 and 2009. The energy 

demands in the summer week of 2009 are higher than the energy demands in the summer week 

of 2008. In addition, significant energy demands over the weekend are recorded in the summer 
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Figure 39 Power demand of Canon B building for summer weeks in 2008 and 2009  

Figure 40 shows the weekly energy demands of the building for a year. The lowest 

energy demand is in the Christmas week (December 20, 2008). The week with highest energy 

demand is in the summer month (July 18—25, 2009). The energy demand shows the variation by 

seasons, with the highest energy demands in the summer, and lowest energy demands in the fall 

and winter. The energy variation from summer to winter is 30%. 
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Figure 40 Energy used of Canon B by week 

In summary, the building Canon B has a relatively high base load compared to the energy 

profile of the building SCAQMD. The building Canon B also has small energy variation from 

one season to another. All of these attributes are ideal for the distributed energy resource system 

operating at baseload. 

 Sensitivity	analysis	of	the	system	design	to	cost	6.4

In addition to use the costs given in Table 12, a sensitivity analysis of the prices used in 

the system was accopmlished. According to [121], [122], a 10 fold increase in fuel cell 

production unit volume results in an 18% reduction in the cost of a fuel cell system and a 14% 

reduction in the  cost of a battery. A 100 fold increase in production unit volume results in a 23% 

reduction in the cost of a fuel cell, and a 27% reduction in the cost of a battery. Table 21shows 

the range of value used for sensitivity analysis of the system.  

Table 14  Parameter values used for sensitivity analysis 
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 Base Low reduction High reduction 
PV ($/kW) 4,000 3,200 2,400 
Fuel cell ($/kW) 7,000 4,200 2,000 
Battery ($/kWh) 600 480 360 
NG ($/MMBtu) 4.5 3.6 2.7 

 

Among the technologies considered, fuel cells costs have the highest reduction. 

Discussions with experts, and information from government reports and fuel cell manufacturers 

suggest that this cost reduction is possible [123],	[121], [124]. 

 

 Greenhouse	gas	emissions	of	the	hybrid	energy	system	6.5

The environmental impact associates with the CO2 emissions of the electricity from the 

electrical grid and from the consumed fuel by the distributed generation systems. 

  (27) 

Where  is the CO2 emissions from the electrical grid and  is the CO2 emissions 

from the consumed fuel by the distributed generation systems. 

The greenhouse gases emissions from the electrical grid are calculated by multiplying the 

total purchase power with the emission intensity of the electrical grid: 

 ∙  (28) 

Where 	  is the greenhouse gas emissions intensity of the electrical grid, and 

 is the total electrical power purchased from the electrical grid. 

The greenhouse gases emissions from the hybrid energy system are calculated by 

multiplying the total energy produced from fossil fuel with the emission rate of the device: 
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	 , ∙ , ∙  (29) 

Where 	 ,  is the greenhouse gas emissions intensity of the distributed 

generation resource,  is the total electrical power produced by the DG, 

	 ,  is the greenhouse gas emissions intensity for heating, and  is the 

amount of heat recovered. This project studies the use of hybrid energy system for electricity 

only, and does not account for the amount of waste heat recovered.  

Table 15 shows the parameters used for the calculation based on data published by EPA 

[125] and fuel cell manufacturers .  The emission factors include the electrical grid in California 

(WECC California), Texas (ERCOT), and the average of the U.S.. Because of the difference in 

the generation portfolio, the emission factors from California is very low. 

Table 15 Parameter values to calculate the emissions of the hybrid energy systems  

  Total output emission rates  

  Carbon dioxide  Methane  Nitrous 
oxide 

  (lb/MWh)  (lb/GWh)  (lb/GWh) 

WECC California  610.82  28.49  6.03 

ERCOT  1218.17  16.85  14.07 

U.S.  1,232.35  24.14  18.26 

Commercial SOFC  884  ‐  0.01 

Commercial MCFC  940  ‐  0.01 

The carbon dioxide and nitrous oxide emission from fuel cells are lower than the average 

emission of the average electrical grid in the U.S. The WECC California is an example of 

extensive investment in clean energy resources. This results in a emission rates of carbon dioxide 

by MWh basis is 30% lower than the emission of fuel cells. In all cases, the emission of nitrous 

oxide from fuel cells are the lowest. 
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When connected to the electrical grid, the calculation assumes that the building draws all 

of its energy need from the electrical grid. When connected to the hybrid energy system, the 

emissions are calculated from the portion of energy that fuel cell must produce. 
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7 Optimal	sizing	of	the	hybrid	energy	systems	

 Optimal	sizing	of	SCAQMD	for	single	week	7.1

Table 16 shows the results of sizing the system for a week in spring and a week in 

summer. On average, the week in spring has a solar irradiation 4% lower than the solar 

irradiation in the summer. The peak load between 6AM and 9PM of the week in spring is 20% 

lower than the peak load in the week of summer. This difference results in the optimization 

program to select a PV size in the week of spring to be half the size of the PV in the summer, and 

a fuel cell size to be lightly bigger. By increasing the fuel cell size between 1 and 6%, and letting 

the fuel cell runs over 24 hours, the fuel cell produces energy that can make up for the reduction 

in PV size.  

Table 16 Economic sizing of the hybrid energy system 

Scenarios  PV (kW)  FC (kW)  Batt. (kWh) Avg. 
dollar/kWh 

PV utiliz. 

Spring season (Apr 19 –26, 2008)         

FC 90‒100%  468 916 2488 0.142 0.72

FC 70‒100%  377 1039 1124 0.135 0.9

FC 50‒100%  365 1089 571 0.133 1

           

Summer (Aug 16–23, 2008)         

FC 90‒100%  1211 906 2231 0.139 0.74

FC 70‒100%  1072 976 1848 0.134 0.94

FC 50‒100%  1072 976 1848 0.133 0.99

 

Figure 38 shows the dispatch of the hybrid energy system for the week in spring. With a 

modest PV size, the system runs the fuel cell at night higher than the base power demand of the 

building. The excess electricity from the fuel cell is used to charge the battery, reaching its peak 
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at 7AM. During the day, the battery discharges completely. On April 21, the battery refills to its 

highest charge during the middle of the day. On that day, a low demand and high solar 

irradiation result in excess electricity available for the battery. 

 

Figure 41 Dispatch of the hybrid energy system for a week in spring 
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Specifically, the battery reaches the first peak at 5 or 6AM, resulting from a night-long 

operation of the fuel cell. When the building enters operation, the battery charge reduces quickly 

until the PV panels start producing electricity. With the power output of both the fuel cell and 

PV, the battery regains its charge, reaching the second peak at 1PM. The charge is then used in 

the afternoon to compensate for the reduction in PV output, reaching its minimum charge around 

10PM. When the building load has been reduced, the fuel cell can recharge the battery. 

 

Figure 42 Dispatch of the hybrid energy system for a week in summer 

Comparing the sizing of the hybrid energy system for both spring and summer, one can 

see that it is important to pay attention to the seasonal shift imposed on the system. Because fuel 

cell have small part-load operation range, the sizing the system to generate electricity for all 

seasons require systematic planning. In addition, the value of a fuel cell that can operate 

08/16/08 08/17 08/18 08/19 08/20 08/21 08/22 08/23

0

500

1000

1500

2000

2500

Power
(kW)

 

 
Demand

PV (sc. 4)

PV (sc. 5)

PV (sc. 6)

FC (sc. 4)

FC (sc. 5)

FC (sc. 6)

08/16/08 08/17 08/18 08/19 08/20 08/21 08/22 08/23

0

1000

2000

3000

4000

Batt
Charge
(kWh)

 

 
Batt. (sc. 4)

Batt. (sc. 5)

Batt. (sc. 6)



 

92 

 

dynamically is a great asset to the building. It creates extra flexibility to incorporate renewable 

energy into the system, as represented by the column showing total energy produced by PV in 

Table 14. 

 Effect	of	days	with	low	energy	consumption	on	the	system	size		7.2

Table 15 shows the effect of the days with low energy consumption (e.g., holidays) on 

the optimal sizing of the system. In the scenarios of baseload fuel cell (90—100% of nominal 

capacity), the battery size increases for the week with low energy consumption. For instance, the 

battery size for the Memorial weekend is 21% higher than a base case week. This increase in 

battery size is needed to store the excess electricity created by the fuel cell during the days with 

low energy consumption. With the excess battery capacity, the optimization program also 

increases the PV size in order to increase the low-cost renewable energy to the system, and 

reduces the size of fuel cell. In the scenarios with the fuel cells that can operate in the 

intermediate and high dynamics--- that is operating between 70—100% or 50—100% of the 

nominal capacity, respectively, the change in battery size becomes less noticeable. However, 

comparing the system size for a base load fuel cell during Labor day weekend with a comparable 

week does not show significant change. In fact, the battery size differs less than 0.2% (2773kWh 

compared to 2765kWh). Further explanation of this phenomenon will come in the later 

paragraphs. 

Table 17 Effect of low consumption days on the optimal sizing of the system 

         

Scenarios  PV (kW)  FC (kW)  Batt. 
(kWh) 

Batt dis./charge 
(kW) 

Memorial weekend (May 26, 2009)     
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FC 90‒100%  858 794 1703  574 /379 

FC 70‒100%  651 912 1010  478 / 352 

FC 50‒100%  651 912 1010  478 / 352 

Comparable week       

FC 90‒100%  788 840 1407  545 / 359 

FC 70‒100%  808 880 1064  482 / 320 

FC 50‒100%  789 912 855  453 / 352 

Labor day weekend (Mon Sep 1)     

FC 90‒100%  1443 1079 2773  778 / 570 

FC 70‒100%  1229 1152 2366  730 / 625 

FC 50‒100%  574 1482 800  636 / 286 

Comparable week       

FC 90‒100%  1477 1078 2765  776 / 742 

FC 70‒100%  1097 1216 2020  671 / 608 

FC 50‒100%  571 1484 792  635 / 278 

Thanksgiving weekend (Thu Nov 27, 2008)     

FC 90‒100%  1241 874 2041  667 / 409 

FC 70‒100%  592 1056 1621  520 / 416 

FC 50‒100%  343 1208 652  500 / 248 

Comparable week       

FC 90‒100%  1241 874 2041  667 / 409 

FC 70‒100%  594 1056 1613  491 / 416 

FC 50‒100%  320 1218 626  495 / 198 

Christmas weekend (Thu Dec 25, 2008)     

FC 90‒100%  738 942 3019  480 / 446 

FC 70‒100%  0 1082 2209  459 / 506 

FC 50‒100%  0 1212 846  434 / 348 

Comparable week       

FC 90‒100%  738 942 3019  480 / 446 

FC 70‒100%  0 1082 2209  459 / 506 

FC 50‒100%  0 1212 846  434 / 348 

New Year’s weekend (Thu Jan 1, 2009)     

FC 90‒100%  1497 905 2527  551 / 528 

FC 70‒100%  0 1156 2387  535 / 612 

FC 50‒100%  0 1282 1044  703 / 385 

Comparable week       

FC 90‒100%  1497 905 2527  551 / 528 

FC 70‒100%  0 1156 2387  535 / 612 

FC 50‒100%  0 1294 928  606 / 215 
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Figure 40 shows the dispatch of the hybrid energy system for the Memorial weekend and 

a comparable week. Scenarios 1 and 4 show the load of the actual holiday week and a 

comparable week, respectively. For a low demand on the Memorial Day (May 26), the system 

fully curtails the PV power outputs, and keep- the fuel cell at its lowest power setting. Due to the 

low demand, the charge of the battery in scenario 1 at the end of the Memorial Day remains high 

at 1,000kWh. The battery capacity for this holiday scenario must increase to accommodate the 

shifting of excess electricity from the Memorial Day to the following day. 

 

Figure 43 Dispatch of the hybrid energy system on Memorial week 
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are the load of the actual holiday week and a comparable week. The power demand of the 

building on Labor Day (Sep 1) is still larger than the minimum power output of the fuel cell. As 

a result, there is no need to store the excess electricity. The battery charge at the end of Labor 

Day is similar to the battery charge of the comparable week. This explains a similar size of the 

hybrid energy system for the fuel cell base load for Labor Day week and normal week, as 

presented in Table 15. 

 

 

Figure 44 Dispatch of the hybrid energy system on Labor Day 
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Returning to the dispatch of the hybrid system for the Memorial Day week, fuel cells 

with high dynamic abilities allows effective use of renewable energy. Figure 42 shows the 

dispatch of the hybrid energy system for the same power demand of Memorial Day weekend, 

with different fuel cell dynamics ability. Scenarios 1, 2, and 3 represent the scenario with fuel 

cell running at base load, intermediate dynamics, and high dynamics. On the Labor Day of May 

26, the PV power outputs is fully curtailed for the base-load fuel cell system. In contrast, the PV 

outputs are used up to 40% and 80% for the system with the fuel cell at intermediate and high 

dynamics, respectively. 

 

Figure 45 Dispatch of the hybrid energy system on Labor Day 
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 Effect	of	a	low	PV	production	day	on	the	system	size	7.3

Table 16 shows the effect of low PV production days, i.e., cloudy days, on the optimal 

size of the system. Because the PV produces a significant amount of electricity during the 

working hours of the building, losing PV power output on a cloudy day results in a large amount 

of battery storage needed to make up for the loss of power. Comparing the hybrid system size in 

the base case to that required for cloudy days shows that the low PV production on Friday results 

in the largest battery size. 

Table 18 Effect of cloudy days on the system size 

  PV (kW)  FC (kW)  Batt. (kWh) 

Base case     

  2,123   855              3,758  

  1,590   996              3,208  

  908    1,362              1,653  

Cloudy Monday     

   1,999       869              4,153  

   1,590       996              3,208  

      880    1,377              1,590  

Cloudy Tuesday     

   1,671       969              8,837  

      738    1,200              6,087  

      439    1,469              2,696  

Cloudy Wednesday     

   1,713       970            10,310  

      654    1,227              7,114  

      179    1,518              3,440  

Cloudy  Thursday     

   1,800       971            10,820  

      647    1,239              7,545  

         62    1,541              3,781  

Cloudy Friday     

   1,590       972            12,319  
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      540    1,244              8,003  

          ‐      1,552              3,962  

 

Figure 43 shows the dispatch of the system for a cloudy Friday. Scenarios 16, 17, and 18 

correspond to the fuel cell at baseload, intermediate dynamics, and high dynamics, respectively. 

The fuel cell at baseload must use the weekend to fill the battery. Shown in the figure is the 

battery charge that reaches the peak at the end of the weekend, remains stable from Monday to 

Thursday, and then depletes on the cloudy Friday. In the scenario of fuel cells with intermediate 

dynamic operation (scenario 17), the dispatch method is to maintain the fuel cell power output 

low in the beginning of the week from Saturday to Tuesday, then to increase the fuel cell power 

outputs from Wednesday to Thursday to charge the battery at night. This results in a 40% 

reduction of battery size. The scenario of fuel cells with high dynamic operation (scenario 18) 

just needs one day ahead to charge the battery and ride through the Friday with low power 

production. 
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Figure 46 Dispatch of the energy system for a fuel cell with baseload, intermediate 

load-following, and high load-following capabilities (scenario 16, 17, 18 respectively) 
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operation requires prediction of a week ahead and a large amount of energy storage for storing 
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 Multiple	weeks	and	representative	weeks	sizing		7.4

For sizing of the system, long-term data of the building energy consumption gives insight 

into the performance of the system. For optimal sizing, using a subset of data that captures the 

overall trend of the building has two benefits: selecting the data that are clean and representative 

for the building, and reducing the use of computational time.  

Figure 44 shows the energy demands of the 6 weeks used for optimal sizing. The highest 

demand data is on the week of Jan 1, 2008 and the week with lowest demand data is the week of 

Feb 17. We compare the sizing and dispatch of the system for the case where the optimization 

program has access to (i) all data, (ii) only the data with highest and lowest demands, and (iii) the 

highest, lowest, and the median week of each month.  

 

Figure 47 Data used to test multiple-week sizing of the system 
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weeks, or a subset of the data. This is because the part-load operation of the fuel cell dominates 

the sizing of the system.  

Table 19 Optimal sizing of the system for a month or representative weeks 

Scenarios  PV 
(kW) 

FC 
(kW) 

Batt. 
(kWh) 

Batt. 
dis./charge 
(kW) 

All 6 weeks         

FC 90‒100%  1,240     803   2,525  557 / ‐515 

FC 70‒100%   254      999   1,829  488 / ‐679 

FC 50‒100%   291   1,065       840  332 / ‐665 

Extremum weeks       

FC 90‒100%  1,240     803   2,525  557 / ‐516 

FC 70‒100%  ‐     1,019   2,253  390 / ‐635 

FC 50‒100%     64   1,165       471  265 / ‐357 

4 weeks with scaling       

FC 90‒100%            
1,240 

   803   2,525  557 / ‐515 

FC 70‒100%   227   1,001   1,874  488 / ‐649 

FC 50‒100%   291   1,065       840  332 / ‐665 

 

The sizing of the hybrid energy system for the 6 weeks and 4 weeks cases is very similar, 

suggesting that it is possible to reduce the size of the data set required to obtain a similar sizing 

that is obtained by use of all the data. 

For the scenarios that the fuel cell can operate at intermediate and high dynamics, the 

sizing varies. For the case with intermediate and high dynamics fuel cells, the 6-week sizing 

incorporates PV into the system, and reduces the battery sizes. 

In the scenarios that contain a fuel cell that can operate at intermediate and high dynamic 

dispatch, the sizing differs. The sizing differs because the optimization only recognizes the 

maximum and minimum weeks and sizes the system to only meet those two sets of dynamic 
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loads.  When more weeks are considered in the optimization, then the dynamic operation of the 

fuel cell is less important and more PV is selected. 

In fact, introducing more PV into the system with a flexible fuel cell can change the 

operation mode of the battery from shifting night to day to shifting from night to morning and 

noon to afternoon. 

 

To expand further, we consider comparing the sizing of the system for the winter season 

by running the optimization program for all 13 weeks and for representative weeks. We ran the 

system sizing for 

 All 12 weeks of the winter 
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 2 weeks of highest and lowest energy demands 

 7 weeks of consisting of weeks with highest and lowest energy demands, peak power 

demands, and a monthly representative. 

Table 20 Weeks in winter 2007—2008, with the information on representative weeks 

Time begin  Time end  Electrical 
(MWh) 

Peak 
(kW) 

Representative weeks 

1‐Dec‐07  12/7/2007   159.2 392 Max power 

8‐Dec‐07  12/14/2007   148.4 340 Representative week (scale 2) 

15‐Dec‐07  12/21/2007   146.4 320  

22‐Dec‐07  12/28/2007   135.4 296 Minimum energy & power 

1‐Jan‐08  1/11/2008   237.6 352  

12‐Jan‐08  1/18/2008   154.2 340 Representative week (scale 2) 

19‐Jan‐08  1/25/2008   148 328  

26‐Jan‐08  2/1/2008   146.5 328  

2‐Feb‐08  2/8/2008   151.2 368 Representative week (scale 4) 

9‐Feb‐08  2/15/2008   154.2 352  

16‐Feb‐08  2/22/2008   144 320  

23‐Feb‐08  2/29/2008   152 388  

 

Table 19 compares the optimal sizing of the system for the winter season. In the scenarios 

of baseload fuel cells, the sizes of PV and fuel cell are similar for the 12 weeks, 2 weeks, or 7 

weeks data. The optimal sizing of the system using 12 weeks and representative weeks differs by 

10% for all devices.  

Table 21 Comparing the optimal sizing of the system for winter season 

Scenarios    PV (kW)    FC (kW)    Batt (kWh)   Batt dis./charge (kW)  

 All 12 weeks          

 FC 90‒100%   1,473         860       4,072    698 / ‐711  

 FC 70‒100%          ‐       1,080       3,515    652 / ‐744  

 FC 50‒100%          ‐       1,278       1,227    497 / ‐685  

 2 representative weeks        

 FC 90‒100%   1,100         822       2,627    444 / ‐484  
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 FC 70‒100%          ‐       1,031       2,089    382 / ‐647  

 FC 50‒100%          ‐       1,173           565    310 / ‐463  

 7 representative weeks        

 FC 90‒100%   1,541         860       3,781    618 / ‐614  

 FC 70‒100%          ‐       1,088       3,397    646 / ‐720  

 FC 50‒100%          ‐       1,278       1,227    472 / ‐685  

 

With similar approaches, we investigate the sizing of the system. To prevent running out 

of memory for these computations, from the set of 45 weeks available of the SCAQMD building, 

we selected every other week to get a sample size of 24 weeks to simulate the whole year. With a 

similar approach, we ran select the simulation for selected weeks with highest and lowest energy 

demands, highest peak, and one representative week to represent the month. Similar to the 

observations above, a fuel cell with intermediate and high dynamics dramatically reduces the 

required size of the battery and PV in the system. In addition, the greater dynamic operation of 

the fuel cell dramatically increases the PV utilization of the system. 

Table 22 Comparing the sizing of the hybrid energy system for the whole year 

Scenarios    PV (kW)    FC (kW)    Batt (kWh)   Batt dis./charge 
(kW)  

PV utiliz. 

 All years            

 FC 90‒100%   2,060         862       5,772    929 / ‐1783   0.48

 FC 70‒100%   1,556     1,056       3,158    863 / ‐1304   0.69

 FC 50‒100%       932     1,349       1,709     769 / ‐949   0.95

 14 representative weeks          

 FC 90‒100%   2,060         862       5,772    929 / ‐1783   0.45

 FC 70‒100%   1,545     1,060       3,108    861 / ‐1297   0.66

 FC 50‒100%       882     1,375       1,595     686 / ‐975   0.92
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Figure 48 Dispatch of the system for the week with highest energy demand 
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Figure 49 Optimal dispatch of the system for a week with lowest energy demand  

 Emissions	of	the	hybrid	energy	system	7.5

Table 23 shows the energy draws from the electrical grid and the energy produced by fuel 

cell. Even with a sizable PV, the fuel cell is still the major provider of electricity. The renewable 

energy from PV offsets 20% of the electricity required from buildings. 

Table 23 Energy draws from the electrical grid and from fuel cell 
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Connected to the electrical grid                 8,878 

Disconnected from the electrical grid   

Fuel cell                 6,651 

PV                 1,771 

 

Table 24 shows the emissions of the building SCAQMD when connected to the grid and 

on the hybrid system. The use of the hybrid energy system has carbon dioxide emissions 

comparable to the cleanest electrical grid in the US. In addition, the hybrid energy system 

produces negligible amount of nitrous oxide. Compared with the average U.S. electrical grid, the 

hybrid energy system produces 30% less carbon dioxides.  

Table 24 Emissions of SCAQMD when connected to the grid and on the hybrid system 

  Annual total output emissions 

  Carbon dioxide  Nitrous oxide 

  (lb)  (lb) 

Connected to California electrical grid  5,423,288   54  

Connected to US electrical grid  8,196,420   162  

Hybrid energy system  5,879,527    Negligible  

 

In summary, the hybrid energy system produces electricity with the carbon dioxide 

emission profiles comparable with one of the cleanest electrical grid in the nation. It outperforms 

the nitrous emission profiles for all. 

 

 Sensitivity	of	system	design	to	cost	7.6

Table 22 shows the results of the sizing of the hybrid energy system for the reduction in 

PV cost of 20% and 40%. The reduction in PV cost affects the overall cost of the system, 
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expressed in the last column. Factoring the maintenance cost, a 20% reduction in the capital cost 

of PV results in a 10% reduction in the electrical cost to the users. 

For the baseload fuel cell, changing in the PV price does not affect the optimal size of the 

system. The constraints on energy demands from one season to another dominate and ensure a 

unique combination. As the fuel cell can operate more dynamically, a reduction in price of PV 

favors a larger PV and a smaller fuel cell. In all cases, the fuel cells are still the main generator. 

For the entire year, it produces 80% of the energy required by the building. 

 

Table 25 Sizing of the hybrid energy system for the reduction in equipment costs 

Scenarios    PV (kW)   FC (kW)   Battery 
(kWh)  

 Battery 
discharge/charge 
 (kW)  

 $/kWh  

 Base case            

 FC 90‒100%   2,060      862   5,772     929 / ‐1783   0.193 

 FC 70‒100%   1,545   1,060   3,108      861 / ‐966   0.169 

 FC 50‒100%      882   1,375   1,595      686 / ‐975   0.159 

 20% reduction of PV cost            

 FC 90‒100%    same   0.183 

 FC 70‒100%    same   0.162 

 FC 50‒100%   1,313   1,136   2,695      783 / ‐852   0.153 

 40% reduction of PV cost            

 FC 90‒100%    same   0.173 

 FC 70‒100%   1,547   1,060   3,110     861 / ‐1058   0.155 

 FC 50‒100%   1,559   1,059   3,103     833 / ‐1097   0.147 

 20% reduction of FC cost            

 FC 90‒100%    same   0.186 

 FC 70‒100%   1,538   1,061   3,124      860 / ‐947   0.16 

 FC 50‒100%      882   1,375   1,595      686 / ‐975   0.147 

 50% reduction of FC cost            

 FC 90‒100%    same   0.175 

 FC 70‒100%   1,421   1,074   3,409      745 / ‐959   0.147 

 FC 50‒100%      882   1,375   1,595      686 / ‐975   0.13 
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 70% reduction of FC cost            

 FC 90‒100%   same  0.167 

 FC 70‒100%   1,421   1,074   3,409     768 / ‐959  0.137 

 FC 50‒100%   same  0.118 

 20% reduction of battery cost            

 FC 90‒100%    same   0.192 

 FC 70‒100%    same   0.169 

 FC 50‒100%    same   0.159 

 50% reduction of battery cost            

 FC 90‒100%    same   0.192 

 FC 70‒100%   1,421   1,074   3,409      768 / ‐959   0.165 

 FC 50‒100%   1,208   1,195   2,412      738 / ‐857   0.156 

 20% reduction of NG price            

 FC 90‒100%    same   0.188 

 FC 70‒100%    same   0.164 

 FC 50‒100%    same   0.154 

 50% reduction of NG price            

 FC 90‒100%   same  0.181 

 FC 70‒100%   1,421 1,074 3,409   768 / ‐959  0.157 

 FC 50‒100%   same  0.146 

 

A reduction in fuel cell price reduces the cost of electricity produced, but does not affect 

the optimal sizing of the system. This is because even with a 40% cost reduction, the cost of fuel 

cell remains higher than PV and battery (4,200$/kW for fuel cell compared with 4,000$/kW of 

PV). When the fuel cell cost reduces 50% and 70%, the optimal sizing favors the fuel cell 

slightly. In the case of fuel cell in the intermediate dynamic range (70—100% of nominal 

capacity), the optimal sizing selects a higher fuel cell (1,074 kW compared to 1,060kW). 

However, the PV remains a competitive choice because of no fuel cost. 

Figure 50 summarizes the effect of reducing the cost of components on the energy cost to 

the building owners for the fuel cell operating at baseload, intermediate, and high dynamic fuel 

cell. For the fuel cell that can only operate at baseload, the majority of cost savings come from 

the reduction in price of PV, followed by the reduction in price of fuel cell. For a baseload fuel 
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cell, the system must rely on a 2MW PV system and a 860kW fuel cell, as shown in  Table 22. 

Because the PV occupies a large percentage of the capital cost, a reduction in PV price has the 

greatest impact on the electricity cost. 

 

Figure 50 Effect of reduction in cost of equipment on the energy cost 

For the fuel cell with intermediate dynamics of 70—100% nominal capacity, the optimal 

sizing of the hybrid energy system uses PV with peak power 1.5 times the fuel cell power 

(1.5MW of PV and 1MW of fuel cell system). Reduction in fuel cell costs can reduce the 

electrical price between 10 and 20%.  

The scenario with fuel cell at high dynamics (50—100% nominal capacity) employs a 

comparably sized PV and fuel cell systems (1MW of PV and 1MW of fuel cell). Both reductions 

in PV and FC costs have high impacts on the electrical price.  
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In all scenarios, the cost of natural gas has a significant impact on the cost of the hybrid 

energy system. Because the fuel cell produces electricity for the building for most of the 

baseload demands, the natural gas consumption is substantial; thus the reduction in cost of 

natural gas has significant impact on the overall cost of the hybrid energy system. 

The system sizing is insensitive to the price change of the battery. For all the cases 

considered, the cost of battery is less than 6% of the cost of the hybrid energy system. This 

results in a further 40% reduction in the cost of battery results in a less than 1% change of the 

energy cost.  

In summary, for the hybrid energy system considered, PV, fuel cells, and natural gas are 

the main drivers for further penetration to the commercial building sectors. 

 PV	and	battery	only	7.7

Power from PV is able to provide electricity for buildings with high efficiency and 

innovative features have extremely low energy load. For an existing building, powering the 

entire building using just PV and battery is expensive and inefficient. Table 24 shows the size of 

the hybrid energy system with fuel cell and without fuel cell. The scenario with PV and battery 

only requires a PV that is 4 times the base case. To store the electricity from day to night, the 

system requires a battery capacity that is 5 times larger than the battery in the base scenarios. The 

system may save money in eliminating a fuel cell, but the cost for PV and battery results in 3 

times increase in electrical price. 

 

Table 26 Comparing the size of the hybrid energy system with and without fuel cell 
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Scenarios   PV 
(kW)  

 FC 
(kW)  

 Batt 
(kWh)  

 Batt 
dis./charge 
 (kW) 

PV 
utiliz. 

 $/kWh  

 Base case        
 FC 90‒100%  2,060      862       5,772    929 / -1783  0.45 0.193 
 FC 70‒100%  1,545   1,060       3,108     861 / -966  0.67 0.169 
 FC 50‒100%     882   1,375       1,595     686 / -975  0.92 0.159 
       
 PV and battery only     8,554 -       27,500   1872 / -6477  0.58 0.613 

 

 

Figure 51 Dispatch of the PV and battery system for a week in November 
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Figure 47 shows the dispatch of the PV and battery system for a week in November. 

Every day, the system fills the battery using the PV outputs, then discharge completely in the 

evening. On a cloudy day like November 1, the system must charge the battery several days in 

advance to 30MWh, then discharge completely during the day. While this is possible with 

perfect prediction of the weather, the system is not practical. 

 Optimal	sizing	of	Canon	B	for	the	entire	year	7.8

The project determines the optimal sizing of the hybrid energy system using historical 

data. The inputs to the model include the weeks with highest and lowest energy consumptions, 

and representative weeks from each month with proper scaling factors. To verify the validity of 

the sizes of the hybrid energy system, the project compares those obtained from inputs on energy 

consumption of every other week. Table 27 shows that the two inputs yield similar solution for 

the sizes of the hybrid energy system. Fuel cells that can operate in the intermediate and high 

dynamics result in a lower electricity cost and higher renewable energy use. 

Table 27 Optimal sizing of the hybrid energy system for Canon B 

Scenarios   PV 
(kW)  

 FC 
(kW) 

Battery 
(kWh)  

 Battery 
discharge&
charge 
(kW)  

PV 
utilization 

 
$/kWh 

 Every other weeks       
    FC 90‒100%  335  154  1,258    169 / -295  0.5 0.195 
     FC 70‒100%  231  182  635    129 / -185  0.75 0.164 
     FC 50‒100%  137  225  403    128 / -112  0.95 0.156 
 16 representative weeks       
     FC 90‒100%  335  154  1,258    169 / -289  0.46 0.197 
     FC 70‒100%  238  181  610    129 / -215  0.7 0.165 
     FC 50‒100%  137  225  403    142 / -120  0.93 0.156 
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Figure 52 shows the dispatch for a summer week. For the system with a base load fuel 

cell (scenario 1), the combination of power outputs from the battery and PV provide peak power 

during the day. The fuel cell power remains at 90% of nominal capacity during the weekend and 

increases its power outputs to 100% from Wednesday to Friday. During the weekend, the system 

uses the battery to store electricity that is produced from PV, and then uses this stored electricity 

on Monday and Tuesday.  

 

Figure 52 Optimal dispatch for July 18—25, 2009  
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Figure 53 shows the optimal dispatch of the same hybrid energy system for the week with 

the lowest energy demand. Because of seasonal effects, the energy coming from PV is low and is 

coincident with the low energy demands of the building. The fuel cell operates at the lowest 

power setting. The system charges the battery at night and over the weekend, and uses the 

electricity during the regular work day. 

 

Figure 53 Optimal dispatch for Dec 20—27, 2008 
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the building. Specifically, the summer week shows high PV outputs and high energy demands, 

and the winter week shows low PV outputs and low energy demands. The next chapter explores 

the prediction of the electrical loads based on weather forecasts. 

 Emissions	of	the	hybrid	energy	system	for	Canon	B	7.9

Table 28 shows the energy draws from the electrical grid and the energy produced by fuel 

cell. Even with a sizable PV, the fuel cell is still the major provider of electricity. The renewable 

energy from PV offsets 20% of the electricity required from buildings. 

Table 28 Energy draws from the electrical grid and from fuel cell 

  MWh 

Connected to the electrical grid  1,528 

Disconnected from the electrical grid   

Fuel cell  1,211  

PV  294  

 

Table 29 shows the emissions of the building Canon B when connected to the grid and on 

the hybrid system. The use of the hybrid energy system has carbon dioxide emissions 

comparable to the cleanest electrical grid in the US. In addition, the hybrid energy system 

produces negligible amount of nitrous oxide. Compared with the average U.S. electrical grid, the 

hybrid energy system produces 30% less carbon dioxides.  

Table 29 Emissions of Canon B when connected to the grid and on the hybrid system 

  Annual total output emissions 

  Carbon dioxide  Nitrous oxide 

  (lb)  (lb) 

Connected to California electrical grid  933,875   9  

Connected to US electrical grid  1,493,107   28  

Hybrid energy system  1,071,049    negligible  
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In summary, the hybrid energy system produces electricity with the carbon dioxide 

emission profiles comparable with one of the cleanest electrical grid in the nation. It outperforms 

the nitrous emission profiles for all. 

 Sensitivity	of	the	system	design	to	cost	7.10

Table 30 shows the sizing of the hybrid energy system for the reduction in costs of PV, 

fuel cell, battery, and natural gas. As expected, reduction in these costs reduces the production 

cost of electricity. With the fuel cells that can only operate at baseload, the sizing of the hybrid 

energy system is insensitive to the cost reduction because the energy demand profiles dictate the 

optimal sizing. 

The sizing with the fuel cell operating at high dynamics (50—100% of nominal capacity) 

show a high sensitivity to the reduction in price of PV. Specifically, a 20% reduction of PV cost 

results in 30% increase in PV size, a 10% reduction in FC size, and a 31% increase in battery 

size. In the scenarios with fuel cells operating at base load (90—100% of nominal capacity), the 

reduction of PV cost results in 30% increases is PV size, a minuscule change in fuel cell size, 

and a 20% reduction in battery size. The optimal sizing increases the PV size to provide more 

electricity from PV, thus reducing the need of using battery to shift the electricity produced from 

night to day. 

A 40% reduction in PV cost results in a 220% increase in PV size, a 25% reduction in FC 

size, and a 50% increase in battery size from the base case. In the scenarios with fuel cells 

operating at intermediate dynamics (70—100% of nominal capacity), a 20% reduction in PV cost 

has no effect on the optimal sizing of the system. A 40% reduction in PV cost results in a 10% 

increase in PV size, a 3% decrease in FC size, and a 3% increase in battery size.  
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Table 30 Sizing of the hybrid energy system for the reduction in equipment costs 

Scenarios    PV 
(kW)  

 FC (kW)    
Battery 
(kWh)  

 Battery 
discharge/charge 
 (kW)  

 $/kWh  

 Base case            

 FC 90‒100%   335    154   1,258     169 / ‐289   0.197

 FC 70‒100%   238    181   610     129 / ‐215   0.165

 FC 50‒100%   137    225   403     142 / ‐120   0.156

 20% reduction of PV cost        

 FC 90‒100%   431    149   984     178 / ‐363   0.187

 FC 70‒100%    same   0.158

 FC 50‒100%   178    201   528     146 / ‐157   0.152

 40% reduction of PV cost        

 FC 90‒100%   431    149   984     178 / ‐329   0.175

 FC 70‒100%   261    176   633     133 / ‐230   0.152

 FC 50‒100%   298    171   632     163 / ‐223   0.146

 20% reduction of FC cost        

 FC 90‒100%   same  0.19

 FC 70‒100%   same  0.156

 FC 50‒100%   104  243 333    133 / ‐102  0.145

 50% reduction of FC cost        

 FC 90‒100%    same   0.183

 FC 70‒100%    same   0.148

 FC 50‒100%      92    244   355     107 / ‐119   0.134

 70% reduction of FC cost        

 FC 90‒100%    same   0.171

 FC 70‒100%    same   0.134

 FC 50‒100%      92    244   355     107 / ‐119   0.116

 20% reduction of battery cost        

 FC 90‒100%    same   0.196

 FC 70‒100%    same   0.164

 FC 50‒100%    same   0.156

 50% reduction of battery cost        

 FC 90‒100%    same   0.196

 FC 70‒100%    same   0.161

 FC 50‒100%   144    205   569     119 / ‐140   0.153

 20% reduction of NG price        
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 FC 90‒100%    same   0.192

 FC 70‒100%    same   0.16

 FC 50‒100%   106    240   357     128 / ‐115   0.151

 50% reduction of NG price        

 FC 90‒100%    same   0.185

 FC 70‒100%    same   0.153

 FC 50‒100%      92    244   355     107 / ‐119   0.143

 

Figure 54 summarizes the effect of reducing the cost of components on the energy cost to 

the building owners for the fuel cell operating at baseload, intermediate, and high dynamic fuel 

cell.  

 

 

Figure 54 Effect of reduction in cost of equipment on the energy cost 
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The figure shows that fuel cell systems with high dynamics produce electricity with the 

lowest cost. The cost of electricity is insensitive to the cost of battery. The three inputs that have 

the highest impact to the cost of electricity is the price of PV, natural gas, and fuel cell. With fuel 

cell manufacturers working to improve the dynamic capability of the fuel cell and reduce the cost 

of the fuel cell systems, there is hope to see the scenario will happen. 

 PV	and	battery	only	for	Canon	B	7.11

Table 31 explores the scenario to power the building for an entire year from only PV and 

battery. To compensate for the loss in baseload power, the PV panel size increases fivefold and 

the battery size increases tenfold. The average cost of electricity increases threefold compared to 

the base case.  

Table 31 Comparing the size of the hybrid energy system with and without fuel cell 

Scenarios   PV (kW)  FC (kW)   Battery 
(kWh)  

Battery 
discharge/charge 
 (kW)  

 
$/kWh  

Base case            

 FC 90‒100%   335 154  1,258    169 / ‐289  0.197

 FC 70‒100%   238 181     610    129 / ‐215  0.165

 FC 50‒100%   137 225     403    142 / ‐120  0.156

           

 PV and battery   1,613        ‐     9,466    302 / ‐1289   0.607

 

Figure 55 compares the physical dimension of the building using the hybrid energy 

system with and without PV. Using satellite images, this research estimates the dimension of the 

building, and the dimension of the PV panels needed for each scenario. For the base case, most 

of the PV panels can fit on the roof space of the building. For the hybrid system with PV and 
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battery, the PV size is 5 times the roof space of the building. Thus extra land must be allocated 

for the system.    

 

(a) 

(b) 

Figure 55 Physical size of the hybrid energy system (a)with fuel cell, and (b) without 

fuel cell 

In summary, fuel cells can provide reliable baseload electricity and a controllable 

resource to handle unforeseen disturbance. Fuel cells with high dynamics are valuable for the 

system with higher penetration of renewable. 
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8 Prediction	of	the	electrical	load	of	buildings	

 SCAQMD	8.1

Figure 48 shows the correlation between the daily average temperatures to the energy 

consumption of the building. Higher average temperature indicates a hot day, resulting in a 

higher total energy consumption of the building. The energy consumption on all Mondays are 

consistently lower than the energy consumption on other days of the week. Later discussion 

revealed that the staffs have Alternative Work Schedule to allow the Monday off. This explains 

the low energy consumption of the building on Monday. The energy consumptions on Saturdays 

and Sundays may depend on the usage of the conference rooms. Finally, the loads on holidays 

are usually lower than the electrical load of regular weekdays. The outliers are Good Friday 

(April 10, 2009) which does not seem to be observed by the agency. July 4, 2008 had a load 

lower than other workdays, suggesting the building did have some reduction in energy 

consumptions. From the recorded data, a prediction based on the average temperature of the day 

will give good results on the weekdays from Tuesday to Friday. Moving forward, the project 

develops the prediction of the energy consumption from Tuesday to Friday. 
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Figure 56 Correlation between daily average temperature and SCAQMD’s total 

electrical demand 

Figure 49 shows the days with similar average temperature, but significant difference in 

energy consumption. For instance, the three days of Feb 19 ‘09, Feb 13 ‘08, and Nov 7 ’07 have 

a similar average temperature of the day of 63oF, yet the energy demands varies from 21 to 

26MWh. Similarly, Aug 19 ’08,  Sep 27 ’07, Oct 19 ’07, the average temperature of the day is 

77oF, yet the energy demands varies from 24 to 30MWh. To refine the prediction, we include the 

effect of seasons, as shown in the following paragraphs.  
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Figure 57 SCAQMD data show days with similar average temperature but different 

total electrical load 

Figure 50 shows the temperature profile and electrical demands of summer days and 

winter days having similar average temperature. During both cases, the total electrical demand of 

the summer days are 15—20% higher than the load in the winter day. 
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Figure 58 Temperature profile and electrical demands of summer days and winter days 

having similar average temperature 

Figure 51 shows the correlation between daily average temperature and total electrical 

demands of the buildings. The general trend is higher temperature means higher energy demands 

of the building. The summer trend shows higher energy demands than other seasons because of 

high solar irradiation. Fall and winter days have less sunshine, resulting in lower energy 

demands. A few days in the fall and winter have average temperature in the 90oF range because 

of the Santa Ana wind. The dry, hot air moving from the land to the sea creates a few summer 

days in the winter, thus increase the energy demand for cooling.  
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Figure 59 Correlation between daily average temperature and total electrical demands 

of the buildings 

Figure 52a shows the correlation between daily average temperatures and electrical 

demand in fall and winter; and Figure 52b shows the correlation between daily average 

temperatures and electrical demand in spring. The data from fall and winter 2007 and 2008 

shows closed proximity. The data from 2009 shows a higher electrical demand. This may 

indicate that the building occupancy and demands have shifted. For developing the model fit, we 

use the data from 2007 and 2008. 
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(a) (b) 

 

Figure 60 Correlation between daily average temperatures and electrical demand in 

(a)fall and winter, and (b)spring 

In summary, the building energy consumption has positive correlation with the daily 

average temperature. Because of the alternative work schedule, the energy consumption on 

Monday is lower than other weekdays. Analyzing the data by seasons and by years can also 

reveals the shift in building activities. 

 

 SCAQMD	prediction	8.2

Using the data described from previous section, this research develops regression models 
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humidity does not change significantly for the entire year. The regression models calculate the 

effect of daily average temperature to the energy consumption. 

The data is divided for fitting based on seasons. Within each season, the data is divided to 

have two-third of the set for training, and one-third of the set for testing. Table 32 shows the 

number of days available for the regression model. Because only a small subset of data has both 

daily load and daily average temperature, the available data for regression is much smaller than 

the initial data set available.  

Table 32 Number of data used for training and testing in each season 

 Summer Fall & winter Spring 
Days of training 28 57 54 
Days of testing 13 28 27 
Total 41 85 81 

 

Figure 53 shows the result of the fit with the testing data. The average error of the fit was 

5% and the maximum error was 10%. 

 

Figure 61 Comparing the fitting model with testing data 
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Similarly, Figure 54a and b shows the regression model used to predict the electrical 

demand based on the daily average temperature for fall and winter, and spring, respectively. The 

average error of the regression model for fall and winter is 5% with the maximum error is 17%. 

The average error of the regression model for spring is 3% with the maximum error is 12%.   

(a) (b) 
Figure 62 Comparing the regression model with experimental data for (a) fall and 

winter; and (b) spring 

Once the total energy demand of a building is known, the next step is to generate a load 

profile of the building based on the past profile of the building. This research project generates 

the load profile of the day by scaling a typical load to match with the predicted energy load of 

the system. 
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 Canon	B		8.3

Figure 63 shows the positive correlation of the daily average temperatures with the daily 

total electrical demands. As expected, the weekends and holidays have a energy consumption 

lower than the business day.  

 

Figure 63 Correlation between daily average temperature with the total electrical 

demands of the building Canon B  

The two business days with very low electrical demands in the Figure 63 are Tuesday 

May 6, 2008 and Thursday Oct 9, 2008. Figure 64 shows the electrical plot of these days. A 

possible explanation is there are other factors not accounted such as occupancy.  
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Figure 64 Demand profiles of the days with unexpected low electrical demand 

 

Figure 65 shows the correlation of the average daily temperatures with the total electrical 

demands in the four seasons. The data correlation is linear and does not show significant changes 

from one season to another. 

 

Figure 65 Correlation of the average daily temperatures with the total electrical 

demands, separated by seasons 

Because of the linearity of the total electrical load on the data, the next section develops a 

linear regression model for the entire year.  
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 Canon	B	prediction	8.4

The historical data of the building is divided into training data and testing data. The 

project developed a linear regression model for the weekdays and the weekends.  Figure 66 

shows the results of the regression model. The mean absolute errors of the regressions for the 

weekdays and weekends are 4%, respectively. The maximum absolute errors of the regressions 

for the weekdays and weekends are 21% and 14%, respectively. 

 

Figure 66 Comparing the fitting model with testing data 

In summary, the building loads exhibits a high dependency on the average ambient 

temperature. This dependence is useful for our model predictive control, allowing the controller 

to charge the energy storage system the night before to prepare for the day. 
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9 Model	predictive	control	

 Method	9.1

Model predictive control was initially used in refineries and the petrochemical industry, 

and now has started to find applications in energy systems. Figure 67 shows the framework of 

model predictive control implemented in this research. At each timestep, the system predicts the 

power demand in a 24-hour horizon window. Based on the predicted electrical requirements, the 

dispatch program generates a dispatch schedule for the hybrid energy system. It then implements 

the first step of the dispatch to the energy system. The hybrid energy system operates the devices 

according the the dispatch schedule and handles unforeseen disturbances using the battery. At the 

next timestep, the system receives a more accurate prediction of the future energy demand, 

generates a dispatch schedule, implements the first dispatch schedule to the energy system. This 

cycle continues as further updates are available for better prediction of the system. In this 

project, the prediction and the optimization-based dispatch are developed in MATLAB with 

hourly resolution. The simulation of the actual load is accomplished in Simulink using 15-minute 

data. 
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Figure 67 Model predictive control framework 

For a specified size of the hybrid energy system, the investment and fixed cost are 

determined.  The system minimizes the operation cost of the system. Specifically, the cost 

function is 

 , ∙ ,  (30) 

Where ,  is the variable cost to operate the hybrid energy system per unit of power, 

and ,  is the power set point of the fuel cell at each timestep. 

Sections 9.2 and 9.3 show that this cost function is insufficient for the system to operate 

in the scenario of imperfect prediction. Specifically, the lessons learned from the simulation 

results are: 

Iteration
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Run actual load (15‐min resolution)  
Actual battery SOC ● ●

2nd Predict power demand ◊ ◊ ◊ ◊ ◊ … ◊ ◊

Dispatch of PV and fuel cell □ □ □ □ □ … □ □

Run actual load (15‐min resolution)  
Obtain actual battery SOC ● ●

3rd Predict power demand ◊ ◊ ◊ ◊ … ◊ ◊ ◊
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 Cost function should have incentive for the battery charge at the end of the simulation 

horizon. This will encourage the system to use renewable energy from PV to charge the 

battery beyond the amount necessary to last through the end of the simulation. 

 From midnight to dawn, the cost function should have some incentives for using the fuel 

cell to charge the battery in advance. Without the incentives, the system relies on the PV 

power outputs predicted in the future, and does not use the fuel cell to charge the battery. 

The incentives should be equal or slightly higher than the cost of running the fuel cell. 

 The constraint must include the constraints the battery state of charge at the end of the 

day between 20—50%. This will ensure that the battery has enough storage ability for the 

following day.  

From these observations, these improvements are included in the revised model 

predictive control framework: 

 Cost function has an incentive (or “negative” cost) for the battery charge at the end of the 

simulation horizon. The incentive value is a fraction of the cost of generating electricity 

using the fuel cell. 

 From midnight to 5AM, the cost function has incentives for the battery charge above 

50%. The incentive value is set to be about 10% higher than the cost of running the fuel 

cell at each timestep. 

 The constraint of the linear problem includes the constraints for the battery state of 

charge to be between 20 and 50% at 11PM.  

In mathematical notation, the modified cost function used in section 9.3 is: 
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 	 , ∙ , , ∙  (31) 

 

The cost function used in sections 9.4 and 9.5 is: 

	 , ∙ , , ∙

, ∙ , ∙  

(32) 

And the constraint is: 

 20% 50% (33) 

Where ,  is the cost of natural gas to operate the fuel cell, ,  is the 

incentive to charge the battery before dawn using the fuel cell, ,  is the incentive to 

maintain the battery charge at 11PM, and ,  is the incentive to maintain the battery 

charge at the end of the prediction horizon as high as possible. Sections 9.4 and 9.5 present the 

results of operating the hybrid energy system with the modified cost function and constraint. 

The prediction used in sections 9.2 and 9.3 are 

 From midnight to 6AM, the system receives a prediction that is 20% lower than 

the actual load 

 From 7 to 9AM, the system receives a prediction that is 10% lower than the actual 

load 

 From 10AM on, the system receives a prediction that is accurate  

The prediction used in sections 9.4 and 9.5 are: 
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 From midnight to 6AM, the system receives a prediction that is 30% lower than 

the actual load 

 From 7 to 9AM, the system receives a prediction that is 20% lower than the actual 

load 

 From 10AM to 2PM, the system receives a prediction that is 10% lower than the 

actual load 

 From 3PM on,  the system receives a prediction that is accurate  

 SCAQMD		9.2

Figure 68 shows the actual load and the rolling prediction of the system. As time evolves, 

the update of the weather and the current load allows progressively accurate prediction of the 

load of the system, as shown in the rolling prediction from 1 to 23. In addition, the horizon is 24 

hour ahead, resulting in a prediction that extends to the following day.  

 

Figure 68 Actual and predicted electrical demand of the building 
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Figure 69 shows the controller actions at 6 and 7AM. During this period, the electrical 

load increases rapidly and the PV starts producing electricity. At 6AM, the system plans to use 

the PV fully in the morning, and curtail the PV in the afternoon. At 7AM, the system receives a 

new prediction of higher energy consumption than the previous prediction, yet this new 

prediction is still lower than the actual demand. To respond to this updated forecast, the system 

plans to use more PV in the afternoon to provide sufficient electricity for the system. 

 

Figure 69 Controller action at 6 and 7AM 
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Let us go back to the 6AM prediction. After generating the dispatch schedule of the 

system, the controller implements the first control action to the system. This case is 

implementing the power set point of fuel cell and PV. At 7AM, the system updates its current 

state. As shown in Figure 69, because the actual demand is higher than the anticipated demand, 

the battery state of charge has a lower value than the anticipated state of charge. The optimal 

dispatch of the system is based on its current state, as shown in the bottom plot. 

Figure 70 shows the controller action at 10 and 11AM. At 10AM, the prediction for the 

remainder of the day is accurate. Because the system did not have enough battery charge at this 

moment, the fuel cell had to go above its safe operating range. In this case, the fuel cell had to 

operate at 190% of the nominal capacity to satisfy the building’s electrical demands. In the later 

hours of the day, the PV power outputs are sufficient to charge the battery and provide electricity 

for the building. This result highlights that while this optimization can use predicted load to 

create an optimal schedule to satisfy the electrical demands, other constraints is necessary to 

provide a scheduling that gives the hybrid energy system enough reserve capacity, especially 

early in the day.  
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Figure 70 Controller actions at 10 and 11AM 

Figure 71 shows the controller action at 4 and 5PM. In these hours, the PV outputs are 

declining. All adjustments are made using the fuel cell. At 4PM, the controller generates a 

prediction, and schedules the fuel cell to increase to 90% of nominal capacity at 5PM. In the 

present time step, the fuel cell power output maintains at the current level. At 5PM, the system 

updates the forecast, and generates a new dispatch schedule. At the same time, the constraint on 

the fuel cell operating range is relaxed to 70—105% for the optimization program to find a 

feasible solution. At this moment, the program figures out that another solution is to delay 

further the increase in fuel cell power. and only increase the fuel cell to 105% of nominal 
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capacity after two hours. Using the current cost function, charging the battery as late as possible 

is justifiable because the battery is losing a small charge at each time step. 

 

Figure 71 Controller actions at 4 and 5PM 
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Figure 72 Controller actions at 6, 7, and 8PM 

In summary, this section shows the implementation of a framework of model predictive 
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 Canon	B	9.3

Running the simulation with the cost function described in equation (30) results in a 

tendency to deplete the battery completely at the end of the day. In addition, with a forecast of 

low control demand, the system does not have incentive to charge the battery using renewable 

resource. This iteration uses the cost function to account for the value of the charge inside the 

battery at the end of the horizon, as described in equation (31).  

The prediction from midnight to 7AM is 30% lower than the actual demands. Figure 73 

shows the dispatches of the hybrid energy system at midnight, and at 1, 2, and 3AM. For the 

prediction of low energy demand, the system maintains the fuel cell at its lowest power setting. 

The system dispatches the PV to fill the battery to full at noon. In the afternoon, it dispatches the 

PV so that the combination of power outputs of the two devices almost meets the electrical 

demand of the building. It uses the battery gingerly and maintains most of the battery charge 

until midnight. When the power demand reduces below the fuel cell’s power output, the excess 

electricity from the fuel cell charges the battery. While this cost function makes the system to 

charge the battery as much as possible using the PV, having the battery filled completely is 

undesirable because we want to reserve some capacity in the battery to serve as a buffer for fuel 

cell.  
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Figure 73 Dispatch of the hybrid energy system at 1, 2, and 3AM 
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the state of charge of the battery at the end of the horizon is 18%. The system decides not to 

increase the power output of the fuel cell because all other devices are still within their safe 

operating range. This is a motivation to use the cost function and constraint described in equation 

(32) and (33). 

 

Figure 74 Dispatch of the hybrid energy system at 6 and 7AM 
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point in the late afternoon to provide sufficient electricity for the building. The system only 

wants provide enough electricity to the building without charging the battery because the cost of 

generating electricity from the fuel cell is more expensive than the cost of generating electricity 

from the PV. Thus, the system only generates enough electricity to last through the day. The 

current cost function described in equation (31) does not account for the battery state of charge. 

 

Figure 75 Dispatch of the hybrid energy system at 9 and 10AM 

When the battery is depleted, the fuel cell becomes the primary energy source. In the late 

afternoon, the fuel cell has to follow the electrical load of the building, as shown in Figure 75. 
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This is not practical because there are fast electrical transients that are not captured in the hourly 

data resolution. Without a battery to buffer, the power quality may deteriorate or the fuel cell 

may get damaged.  

 SCAQMD	with	modification	on	the	cost	function	and	constraints	9.4

This scenario shows the result of the model predictive control for the same day with the 

cost function and constraints modified as described at the end of section 9.1, equations (32) and 

(33). Figure 76 shows the dispatch of the hybrid energy system overnight and at 7AM. At 

midnight, anticipating a low load, the system operates the fuel cell at 100% nominal capacity for 

one hour to charge the battery. Because the actual load is higher than the predicted load, the 

subsequent dispatch action keeps the fuel cell at 100% nominal capacity for an additional hour. 

At 7AM, a new prediction of the electrical load is available. The system plans to use most of the 

PV power outputs to fill the battery to full.  



 

148 

 

 

Figure 76 Control of the hybrid energy system at midnight and 7AM  

At 10 AM, a new prediction of the electrical demand is available. Figure 77 shows the 

controller action on fuel cell. To make up for an additional 500kWh, the system schedules to 

operate the fuel cell at 90% nominal capacity at 4PM, then 100% nominal capacity from 5 to 

10PM. The controller adjusts the estimated battery state of charge at the end of the day from 50% 

to 45%. 
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Figure 77 Dispatch of the hybrid energy system at 9, 10AM and 3PM 

At 3PM, the last prediction estimates another 500kWh is needed. The fuel cell increases 

its power output to 100% immediately and extends the operation to longer. The battery charge 

makes up the difference. The estimated battery state of charge at the end of the day is 21%. 

In summary, the presented control framework is able to coordinate the hybrid energy 

system in the presence of uncertainty in prediction and maintain all equipment within the safe 

operating ranges It also includes a heuristic rule to charge the battery between midnight and 

dawn if the battery state of charge is below a certain threshold. 
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 Canon	B‐	with	modification	on	the	cost	function	and	constraints	9.5

Figure 78 shows the prediction and control of the hybrid energy system for a summer 

day. From midnight, the system operates the fuel cell at 100% nominal capacity for 3 hours to 

bring the battery state of charge pass 40%, then lowers the fuel cell to 70% nominal power 

output to have enough storage capacity for PV. At 7AM, for anticipated low energy 

consumption, the system predicts that the battery will fill to 100% capacity in the late afternoon 

from the electricity of PV and fuel cell. The fuel cell is scheduled to maintain the low power set 

point for the remaining of the day. At 10AM, a new prediction is available. Based on the current 

state of the battery and the new prediction, the system generates a new dispatch to increase the 

fuel cell power set point in the mid afternoon. With this dispatch, the battery state of charge at 

the end of the day is 46%. At 3PM, the accurate consumption for the remaining of the day is 

available. The system schedules the fuel cell to go online sooner. The system updates the 

estimated battery state of charge at the end of the day to be 40%.  
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Figure 78 Prediction and control of the hybrid energy system for an entire summer day 

In summary, for an imperfect prediction that becomes accurate over time, the model 

predictive control must rely on the current state of the battery to turn on the fuel cell to produce 

enough electricity in the day. The additional constraint and incentives on the state of charge of 

the battery are effective to dispatch the system optimally and maintain sufficient storage for 

unexpected loads. 
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10 Summary,	Conclusions,	and	Recommendations	

 Summary	10.1

This dissertation studies (i) the dynamic performance of a high temperature PEM stack, 

(ii) the control method to maintain temperature of a high temperature PEM fuel cell system for 

the built environment, and (iii) the sizing and predictive control of a hybrid energy system 

consisting of photovoltaic panels, a fuel cell, and a battery. All models developed are based on 

first principles and show good agreement with experimental data. The sizing and predictive 

control of a hybrid energy system is effective, even in the building with a high peak-to-base 

energy profile like the building considered in the project. 

In the first part, this research studies the dynamic performance of a high temperature 

PEM fuel cell stack using experimentation and dynamic modeling. Our collaborators in Aalborg 

University (Denmark) conducted experiment and collected data on the steady state and dynamic 

performance of a high temperature PEM fuel cell stack. The short-term test showed that a high 

temperature PEM fuel cell stack can sustain operation with a concentration of CO up to 1%. 

Dynamic testing showed that there are significant variations in the individual fuel cells’ dynamic 

responses. In parallel with the experimental effort, this project developed a first-principle 

dynamic model. The dynamic model showed that for the cells that get sufficient flows during 

dynamic response and are not degraded, the dynamic response of our model well matched the 

experimental data. 

In addition to model a single fuel cell stack, this research studies the control of a high 

temperature PEM fuel cell system consisting of a fuel reformer, a high temperature PEM fuel 
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cell stack, and a thermal management system. The research was able to capture the surge in ATR 

temperature during an increase in power, and proposed a control method to mitigate the effect. 

Moving along to consider the application of the fuel cell for the built environment, this 

research assesses the feasibility for a hybrid energy system consisting of photovoltaic panels, a 

fuel cell, and a battery to serve a building off grid. This research developed a sizing method 

based on optimization to determine the combination of the hybrid energy system to provide 

electricity for buildings in all seasons, from the short winter day to the long summer day. The 

buildings with high peak-to-base ratio offer a good application for PV to provide electricity 

during the peak period. The fuel cell is a great complimentary resource to provide both base-load 

power and some reserve capacity. A fuel cell with high part-load operation can accommodate 

larger use of renewable energy, reduce the size of energy storage, and reduce the overall cost of 

electricity. Using emission factors from EPA, the research estimated the greenhouse gas 

emissions of the hybrid energy system and compared with the emissions from the electrical grid. 

In addition, the research also analyzed the sensitivity on the cost of components to the cost of 

electricity.  

Model predictive control is implemented for the operation of the device. The continual 

use of updated forecasts, optimization-based dispatch, and the use of feedback allow the system 

to respond to disturbance. Good prediction is necessary, and a high reserve of fuel cell capacity 

is needed for short-term feedback. 
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 	Conclusions	10.2

 High temperature PEM fuel cells have high energy density, improved tolerance to carbon 

monoxide and other impurities, and ability to vary the power outputs dynamically; yet 

further innovations for consistent cell-to-cell performance are needed 

These positive attributes of the high temperature PEM fuel cells suggests that this fuel 

cell type can operate on a variety of fuels, including pure hydrogen, reformate gas from natural 

gas, and reformate gas from methanol. In addition, the high temperature of the fuel cell offers 

simpler integration to the thermal management of the fuel cell system. 

 The dynamic model of an integrated fuel processor and high temperature PEM fuel cell is 

a platform to test control methods 

The dynamic model is a platform to test different control methods with practical 

characteristics. In the case of rising ATR temperature, the dynamic model serves as a platform to 

evaluate the temperature response with different control gains. The dynamic model was 

developed in a computer program suitable for control development. This opens opportunities for 

advanced control methods to regulate the temperature of the reactors. 

 Fuel cells are complimentary resource for the renewable energy resource of buildings 

Using historical data on the energy use of buildings, the research shows that fuel cells 

produce electricity with few emissions, low noise, and high efficiency. The use of fuel cells to 

produce electricity at base load reduces the need to have excessive energy storage to shift the 

electricity from solar panels from day to night. With proper sizing, the hybrid energy system can 

provide reliable electricity for all seasons. Model predictive control is a sound method to 
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schedule the dispatch of the system to minimize the operation cost for the owners, or to reduce 

the ramp rate of fuel cell. 

 The proposed hybrid energy system can provide electricity for the entire year and emits 

little greenhouse gas 

Calculating the greenhouse gas emissions from the hybrid energy systems affirms that the 

emissions from the hybrid energy system are comparable to the state with lowest emission 

factors. The emissions form the hybrid energy system is much lower than the average emissions 

of the US. 

 Improving fuel cell dynamics and reducing fuel cell cost are the key drivers to reduce the 

cost of energy to the consumer 

Sensitivity analysis shows that fuel cell systems with improved dynamics lower the cost 

of electricity in the hybrid systems investigated. In addition, the capital cost of fuel cell systems 

is a key driver to reduce the cost of electricity to the customers. Government incentives, efforts 

from fuel cell manufacturers and increasing demands of clean power generation contribute to this 

effort. 

 Recommendations	10.3

The prediction of the building energy load is dependent on multiple factors, including 

weather data and occupancy. While a linear fit is sufficient to predict the total energy demand of 

the building, other advanced machine learning techniques such as support vector machine or 

artificial neural network may be used for hourly prediction of the building demands.  
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Fuel cells with high part-load operation will be a great asset for the hybrid energy system. 

Further research on the experiment should investigate methods for fuel cells with higher 

dynamics. 

While short-term energy storage is sufficient for a building, a long-term energy storage 

may allow the system to use the excess energy produced in the weekend to store for use later in 

the year. Investigation of the use of long-term energy storage such as compressed air and 

hydrogen storage for the weekends is a topic for future research. 

A main assumption of the research is the design of the hybrid energy system for off-grid 

applications. In practice, connecting with the electrical grid provides backup power, ability to 

export and import electricity from a larger system. Further research should consider the net 

metering and the ability to export the excess electricity in the weekends. 
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11 Nomenclatures	

ATO Anode tail gas oxidizer 

ATR Autothermal reactor 

CHP Combined Heat and Power 

CO Carbon monoxide 

FC Fuel cell 

GDL Gas diffusion layer 

HTS High temperature shift 

HX Heat exchanger 

MEA Membrane electrode assembly 

PBI Polybenzimidazole 

PEM Proton exchange membrane 

POX Partial oxidation 

PV Photovoltaic panels 

ppm Parts per million 

PROX Preferential oxidation reactor 

SLPM Standard liter per minute 

SR Steam reforming 

WGS Water-gas-shift reactor 
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12 Appendix	

 SCAQMD	weeks	selected	for	simulation	12.1

Time begin  TotElecEng 
(MWh) 

Peak 
power in 
the week 
(kW) 

Energy   Peak power 

18‐Aug‐07  194.9 468 rep week 
x1 

25‐Aug‐07  204.2 536    

1‐Sep‐07  210.2 500 max 
energy 

   

8‐Sep‐07  193.8 460      

15‐Sep‐07  169.4 396   rep week x 4 

22‐Sep‐07  160.6 456      

29‐Sep‐07  156.7 384      

6‐Oct‐07  155.5 344      

13‐Oct‐07  154.2 384      

20‐Oct‐07  166.7 444      

27‐Oct‐07  162.1 392   rep week x 4 

3‐Nov‐07  148.1 328      

10‐Nov‐07  157 396      

17‐Nov‐07  143.4 324      

24‐Nov‐07  155.1 372   rep week x 4 

1‐Dec‐07  159.2 392      

8‐Dec‐07  148.4 340   rep week x 3 

15‐Dec‐07  146.4 320      

22‐Dec‐07  135.4 296 minimum energy   

1‐Jan‐08  237.6 352      

12‐Jan‐08  154.2 340      

19‐Jan‐08  148 328   rep week x 3 

26‐Jan‐08  146.5 328      

2‐Feb‐08  151.2 368      

9‐Feb‐08  154.2 352      

16‐Feb‐08  144 320      

23‐Feb‐08  152 388   rep week x 4 

1‐Mar‐08  156.6 360      

8‐Mar‐08    NaN  360      
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15‐Mar‐08  150.2 344   rep week x4 

22‐Mar‐08  155.1 348      

29‐Mar‐08  150.1 400      

5‐Apr‐08  158.4 400      

12‐Apr‐08  165 408      

19‐Apr‐08  161.2 396   rep week x 4 

26‐Apr‐08  167.1 412      

3‐May‐08  161 400   rep week x 4 

10‐May‐08  168.7 440      

17‐May‐08  171.2 416      

24‐May‐08  157.1 400      

31‐May‐08  160 408      

7‐Jun‐08  166.3 428      

14‐Jun‐08  183.5 472   rep week x 4 

21‐Jun‐08  188.2 468      

28‐Jun‐08  184.3 468      

 

 




