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Quantifying Office Building HVAC
Marginal Operating Carbon Emissions
and Load Shift Potential: A Case Study
In California

Aoyu Zou Carlos Duarte Roa, PhD Stefano Schiavon, PhD
Student Member ASHRAE Member ASHRAE Member ASHRAE
ABSTRACT

The operational carbon emissions intensity of the electricity used in a building is commonly treated as a fixed value
throughout the year but this is not accurate because grid carbon emissions factors have temporal and geographical
variations, which makes building operating emissions dependent on when and where electricity is used. However, this
has been frequently overlooked in the existing literature. Grid electricity carbon characteristics can be quantified by
either average or marginal emission rates, there is an increasing debate within the building industry about which
metric provides more accurate results for determining the effect of various decarbonization strategies. An example is
the emission-based load-shifting strategy that attempts to shift the electricity usage of a building to a time period when
the grid has lower associated carbon emissions. We advocate for the use of the marginal operating emissions rate
(MOER) to evaluate the impacts of demand-side management. This is because the marginal emissions rate considers
the generating plants' dispatch order and is able to reflect the change in emissions induced by demand management.
In this study, we examined the benefits of emission-based load-shifting strategies, using an office building in Berkeley,
CA as a case study. We first analyzed the annual temporal variations of the Northern California grid region and
developed a virtual chiller load shift strategy similar to demand response but interacting with the grid MOER signal.
The proposed control strategy attempts to shift the chiller load to better align with low-carbon grid electricity
generation while not interfering with annual total HVAC energy use and comfort conditions. We then assessed its
effect on the case study building by calculating the avoided emissions on a seasonal and annual basis through a
numerical simulation. As a result, we found that for the Northern California region, shifting load is most effective
during the spring season with 18% avoided carbon emissions when the grid has more renewable supply. However,
the simulated annual result shows 2% avoided carbon emissions indicating the seasonal characteristics of the
proposed strategy and the limitation of considering load shift strategy as the single solution to decarbonize.

INTRODUCTION

The building industry is one of the most energy-intensive sectors globally. It is estimated that 40% of energy
is consumed by building space heating and cooling, ventilation, water pumping, lighting, and so on. Among them,
30% of carbon emissions are related to HVAC (Heating, Ventilation, and Air Conditioning) equipment operation. The
significant consumption and associated emissions have led to global concerns in terms of rapid climate change and
the increasing frequency of power outages. Although there has been a notable shift towards renewable energy sources
to gradually achieve net-zero carbon emissions of the grid, these sources operate intermittently and are not always
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available during peak demand. Specifically, at peak conditions, the marginal generator, often a gas plant, may be
employed, resulting in substantially higher emissions (Callaway et al., 2018; Holland et al., 2022). This situation
underscores the importance of accurately calculating the carbon emissions of electricity usage, particularly in the
building industry. This is because the conventional average carbon emissions rate fails to capture the variability and
dynamic nature of electricity generation, leading to a significant underestimation of the environmental impact,
especially during peak times. The use of a marginal carbon emissions rate, which reflects the emissions of the
additional electricity supply required to meet demand, provides a more accurate and realistic understanding of the
carbon footprint associated with building energy consumption. One study shows that calculation using the average
carbon emissions rate has significantly different indications from using the marginal emissions rate (Holland et al.,
2022). However, this does not imply that the average emissions rate should not be used. For example, attributional
studies that focus on carbon accounting such as life-cycle analysis, should use average time-dependent emissions. On
the other hand, consequential studies that focus on emissions change due to system effects should apply marginal rates
(Regett et al., 2018). However, demand management that emphasizes environmental impact commonly uses hourly
average emissions rates or even constant values to assess (Braun et al., 2016; Lowry, 2018; Setlhaolo et al., 2017;
Stoll et al., 2014; Vogler-Finck et al., 2018; Zeng et al., 2023). A few studies found in the literature incorporate
marginal carbon emissions in load shifting (Fiorini and Aiello, 2020; Fleschutz et al., 2021; Kim et al., 2022; Péan et
al., 2019), but there is generally a lack of attention for office buildings. Commercial buildings use about 30% of
electricity and account for 16% of all CO, emissions equivalent in the US (U.S. Energy Information Administration
(E1A), 2023). Therefore, recognizing the marginal emissions rate is crucial for developing more effective strategies
for the commercial office building sector, aimed at reducing its carbon footprint and mitigating climate change.

Upgrading existing control logic can be a cost-efficient approach for most commercial buildings to reduce
their operational carbon footprint. The advent of Advanced Metering Infrastructure (AMI) with 15-minute interval
data collection and fast two-way communication capabilities is improving the interaction between buildings and the
electrical grid (Sofos et al., 2020). This infrastructure facilitates advanced control strategies such as grid-interactive
load shift control. Currently, the primary focus of load shift control strategies in building HVAC systems is to reduce
energy costs by shifting consumption away from peak periods when electricity prices are higher (Jiang et al., 2021;
Robillart et al., 2019; Rogers and Rasmussen, 2018; Turner et al., 2015). This cost-based load shifting helps mitigate
peak demand charges and lower overall energy expenses while maintaining thermal comfort. However, there is a
significant gap in understanding whether load shift control is also effective in reducing operational carbon emissions.
On the one hand, emission-based load shifts can align energy consumption with the availability of cleaner energy
sources, thereby minimizing the environmental impact. On the other hand, the intermittency of grid renewables and
the availability of building flexible loads can limit its effect. We summarized the contribution of this study as follows:

1. Explore the significance of incorporating the marginal operational emissions rate (MOER) into electricity
emissions calculations, arguing for its critical role in assessing consequential impact after an applied change
in building operation;

2. Develop a rapid approach to assess the effectiveness of emission-based load shift strategy based on real
measurements and use a case study building to demonstrate;

3. Use various grid MOER signals as thresholds to initiate load shift and compare corresponding results to
understand the impact on energy and emissions.

APPROACH

Case study building characteristics

The case study building, depicted in Figure 1 (a), is Sutardja Dai Hall (SDH), a seven-story campus office
building at the University of California, Berkeley, built in 2001. The building spans 13,100 m? (140,000 ft?) and
includes office units, classrooms, a nanofabrication laboratory, and an auditorium. SDH does not have an on-site
boiler; instead, it relies on steam from the campus's cogeneration plant and a local heat exchanger to supply hot water
for heating. Cooling is provided by two chillers: an absorption chiller (CH-1) and a centrifugal chiller (CH-2). CH-1
also uses steam from the campus cogeneration plant and alternates operation with CH-2, meaning only one chiller
runs at a time. During summer, CH-1 typically operates, taking advantage of the campus's cogeneration plant's excess
steam. When cooling demand exceeds CH-1's capacity during peak periods (i.e. with high outdoor temperatures), the
building manager would disable CH-1 and activate CH-2. In winter and part of the shoulder season, CH-2 normally
handles any cooling needs since most of the steam from the cogeneration plant is needed to provide heating. In this
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study, we focus on calculating HVAC electricity usage by investigating a scenario where the centrifugal chiller (CH-
2) provides all cooling. This means when CH-1 operates, we predict the energy CH-2 would need to deliver the same
thermal energy (i.e., same supply and return water temperature) and calculate the corresponding electricity usage to
assess carbon emissions. We consider the most recent year 2023 to be the study period, and the measurements are
extracted from the building automation system (BAS) shown in Table 1.

Grid marginal operating emissions rate

Marginal operating emissions rate (MOER) calculates the carbon emissions induced by an additional unit of
electricity required from the grid (or avoided if less electricity is required). This means it calculates emissions more
accurately than average emissions by assessing the impact of any operational change. For example, Figure 1 (b) shows
the MOER heatmap of the Northern California grid in 2023. From March to June, the MOER is low during the
daytime, this is because renewables generated (mostly solar) are sufficient to meet the region’s electricity demand and
hence avoid using fossil fuel peaker plants. However, from July to October, grid demand increases significantly during
the daytime and requires occasionally switching on natural gas plants to meet peak demand. Therefore, consuming
one additional unit of electricity over certain hours might lead to a much higher carbon footprint. A general solution
for building operators to consider, which is also this study's focus, is to match the electricity load with the grid
generation profile by shifting the electricity load to a time period when the grid has more available renewable plants
to dispatch.

Northern california MOER signal heatmap for 2023
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Figure 1 (a)(@ase study building in BerkeleyglaA. (b) Northern California grid 2023 MOER heatmap (low, medium
and high MOER implies around 50, 250, and 450 gCO2/kWh respectively).

Grid-interactive control

The grid-interactive control allows the building to access grid MOER in advance, normally using prediction
from 1 day ahead up to 72 hours, and shift its electricity load to match grid low-emissions periods. We simulated the
grid-interactive control under two main assumptions: 1) we only intend to shift the operation of the centrifugal chiller
(CH-2), since in practice, only a fraction of the whole-building electricity load (typically encompassing HVAC
operations) is able to shift; 2) to isolate the load shift impact on emissions, we intend to maintain an equal annual
chiller energy consumption between the existing baseline control and the proposed load shift control. In general, this
control strategy requires accessing the grid MOER signal one timestep before each control sequence and aims to
encourage using more electricity generated from renewables by setting a lower supply water temperature for pre-
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cooling when the MOER is low. As a result, the building can reduce HVAC operating emissions by setting a higher
water supply temperature when the MOER is high. Therefore, in order to simulate the strategy, we need to define two
parameters: how much load is available to shift and when to shift.

We defined the first parameter by running a trial supply water temperature reset test in the case study building.
After increasing the CH-2 supply water temperature setpoint by 4 °C (5 °F), we observed a 30% decrease in chiller
power usage. Additionally, the airflow rate in the air handling unit (AHU) increased, but the associated fan energy
change was negligible, and the supply air temperature remained stable. Based on these observations, we conclude that
despite the chiller efficiency varies over time, it can increase/decrease power output by 30% without violating comfort
conditions during a load-shift event. We also acknowledge that the value may vary across different buildings due to
variations in their demand flexibility, a factor that will be explored in future studies.

We defined the second parameter using a grid emissions threshold, which is a pre-defined value by a building
analyst to quantitatively consider whether the grid emissions rate is low and hence beneficial to use more electricity.
As described in the figure below, when the one-step ahead MOER signal drops below the threshold (indicated as
yellow shade), the control increases CH-2 power. After MOER exceeds the threshold (indicated as the purple shade),
the control decreases CH-2 power to mobilize charged thermal mass. Figure 2 also implies by varying the threshold,
the impact would be different even if the total consumed energy remains the same. To explore those effects, we
simulated 5 scenarios with different load shift thresholds starting at 50 gCO./kWh with 100 gCO»/kWh for every
increment to 450 gCO./kWh.

Example load shift control

using 50 gCO,e/kWh as threshold 4 using 250 gC0,e/kWh as threshold
3
=
=
<
) Threshold
A 2501 250 4 - - - \pma - - — — — — — .
o
20
= Threshold
O S0 -------- o 501
= T - T

Chiller power (kW)

Time

Time
Baseline Intervention

Figure 2 Two examples illustrating the load shift strategy developed (using 50 and 250 gCO,/kWh as the intended
load shift threshold respectively, blue line: baseline chiller power output, gold dashed line: chiller power output
under load shift intervention, yellow shade: grid low emissions periods, purple shade: periods to avoid emissions).

DATASET
Table 1. Overview of the dataset?
Type Source Unit (SI | IP) Resolution
CH-1 and CH-2 thermal energy rate BAS —| ton 15-minute
CH-2 electricity usage BAS kW | - 15-minute

! The data and analysis code are open source on GitHub (https:/github.com/ZAY630/Is_sdh/tree/main) with a
Binder link for automatically configuring the environment.
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Outdoor drybulb temperature NOAA °C|°F 15-minute
Marginal operating emissions rate WattTime gCO/kWh | IbsCO/MWh 5-minute

As summarized in Table 1, we queried chiller thermal energy rate and CH-2 electricity usage
measurements in 2023 from the case study building BAS, and site outdoor weather conditions from the National
Weather Service (NOAA). As mentioned before, CH-1 and CH-2 operate alternatively but the queried thermal
power measures regardless. We plotted the power with respect to measured outdoor weather conditions in subplot
(@) and the hour of the day in subplot (b) of Figure 3 to show the fluctuations throughout the study period. Despite
the cooling load from the nanofabrication lab for processes being independent of the outdoor temperature, we found
the overall cooling load generally increases with the outdoor weather and peaks around noon.

Data
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Figure 3 Overview of the dataset summarized in Table 1 with a locally estimated scatterplot smoothing (LOESS)
function fitted; (a) chiller thermal power measured at different weather conditions; (b) chiller thermal power
measured at each hour of the day.

The MOER signals which reflect the grid carbon intensity were queried from a non-profit organization called
WattTime? They provide high-resolution CO, estimation results associated with a region given the location of the
site. We showed the measurements earlier in Figure 1 (b). Due to the less granular of the chiller power measurements,
we consider 15-min as a timestep for the load shift control, and so the MOER data queried was further averaged to
match the resolution.

RESULTS
Chiller electricity usage prediction

As described in the building characteristics, the study aims to assess a scenario where HVAC cooling is
provided entirely by the centrifugal chiller CH-2. Given that thermal power is measured, we can obtain CH-2
electricity usage by modeling its operational efficiency. Specifically, we considered chiller cooling load and outdoor
wetbulb temperature as independent variables (Blum et al., 2022; Wang et al., 2019), and CH-2 operational efficiency
as the dependent variable assuming a linear relationship. We plotted the prediction results in subplot (a) of Figure 4
and the estimated electricity power using the predicted efficiency and measured thermal power in (b).

To validate the fitted model, we evaluated the modeling error and summarized in Figure 4 (a). The calculated
CV(RMSE) satisfies the baseline energy model accuracy outlined in ASHRAE Guideline 14 (ASHRAE, 2014) and
aligns with the results of a meta-study that compared different modeling accuracy across a variety of modeling

2 WattTime: https://watttime.org
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techniques and buildings (Granderson et al., 2016). Therefore, we believe the estimated electricity is acceptable for
further analysis.

CV(RMSE): 17%
0.25- RMSE: 0.1 kW/ton

Predicted CH-2 efficiency (kW/ton)
o
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Figure 4 Predicted CH-2 operation over the study period; (a) CH-2 efficiency prediction results using a linear
model; (b) estimated CH-2 power output based on predicted efficiency and measured thermal power.

Baseline marginal operating emissions

The consequential emissions impact of an applied change should be assessed using the marginal rate
reflecting the amount of carbon emissions released if an additional unit of electricity is required (or avoided if the
demand decreases). Figure 5 plots the calculated marginal operational carbon emissions hourly rate based on CH-2
prediction results and the color indicates different seasons. Similar to Figure 1 (b), during the spring season, the
Northern California grid generally has low MOER, especially around noon, meaning most of the electricity used by
the building's HVAC system is likely drawn from renewable sources (i.e. solar and wind). However, this is not the
case in summer when the marginal emissions rates are generally high. Additionally, we also noticed hourly variations
throughout the day, so we expect the proposed control strategy could shift CH-2 electricity usage to low emissions
periods when triggered by a pre-defined threshold.

Predicted centrifigual chiller operation induced carbon emissions hourly rate
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Figure 5 CH-2 marginal operating emissions hourly rate based on predicted electricity usage.
Avoided carbon emissions through load shift control

Figure 6 presents the estimated avoided carbon emissions resulting from the numerical simulation for 2023.
The baseline (in blue) is defined by the carbon emissions from the existing HVAC operation, as calculated in Figure
5. Each column to the right of the baseline in Figure 6 corresponds to a threshold scenario outlined before. Subplot 6
(@) indicates that increasing the threshold value from 50 gCO2/kWh to 350 gCO./kWh leads to more avoided
operational emissions annually. However, this effect is relatively modest, with only 2% of avoided emissions
compared to the baseline. Additionally, we observed that setting the threshold above 350 gCO2/kWh could result in
higher emissions than the baseline. This is because higher thresholds often prompt the HVAC system to pre-cool the
space for longer periods and more often, which increase the risk of consuming more energy overall.

. Annual total HVAC induced carbon emissions Total HVAC induced CO, emissions (Mar - Jun)
~ 34
E g. 121
o) ]
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(a) Load shift threshold (gCO2/kWh) (b) Load shift threshold (gCO,/kWh)

Figure 6 (a) Annual estimation results of avoided carbon emissions over a range of load shift thresholds. (b)
Avoided carbon emissions estimation results through load shift control during the spring season over a range of load
shift thresholds.

We infer that the non-significant annual effect of load shift can be attributed to large seasonal variations. In
other words, most of the low-emissions time windows occur during the spring season, which explains why the overall
effect appears diminished when assessed on an annual basis. Figure 6 (b) illustrates the avoided carbon emissions in
metric tons (MT) (and US tons) during the spring season only. Unlike the annual results, Figure 6 (b) demonstrates a
more substantial impact on avoiding operational carbon emissions. For instance, setting the threshold between 250
gCO2/kWh and 300 gCO»/kWh indicates an 18% of avoided emissions compared to the baseline. However, similar to
the annual results, setting a higher threshold increases the risk of higher energy consumption.

DISCUSSION
Induced energy cost

Due to the largely available solar energy in California, the proposed grid-interactive control tends to shift the
HVAC operation towards noon as shown in Figure 7. Although the total annual energy remains constant for most of
the threshold cases (except when the load shift threshold is set to 450 gCO,/kWh), the energy cost could still vary
depending on the building’s utility structure. For example, if the peak utility rate period matches the electricity peak
load shown in Figure 7, then the building owner might pay for a higher energy bill annually. Or if there is a demand
charge, then the building owner is likely to notice a significant increase in the energy bill after implementing the load
shift control. This finding indicates that emission-based load shift could be limited in the real world if the control
overlooks the energy and cost impacts emphasizing the significance of more sustainable and comprehensive future
energy policy development. We plan to focus future studies on exploring practical ways to combine energy-saving
control sequences of operation (e.g. ASHRAE Guideline 36) with emission-based load shift and test in real
commercial buildings.
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Figure 7 Hourly moving average of power usage before and after load shift.
Generalizability

This study explores load shift control in Northern California for the year 2023, focusing on grid marginal
operating emissions intensity. As a result, the findings may be somewhat limited. For instance, the effect observed in
the spring season mostly aligns with California's electricity generation characteristics (i.e. predominantly solar
energy). In contrast, grid regions with a higher share of wind, such as in Texas, might exhibit markedly different
results. Additionally, future grid conditions, which could impose greater penalties on fossil fuel use or consider
increased building electrification, might reveal more significant annual effects from load shift control.

Despite these regional and temporal limitations, the analytical approach used in this study is generalizable to
various scenarios. As an example, this method can be implemented using the Brick metadata schema, a recent
development that standardizes and makes machine-readable the semantics of data points generated from the BAS
(Balaji et al., 2018, 2016). This means an analyst can quickly evaluate the load shift control effects over a range of
thresholds by querying electricity measurements from any building's BAS and applying the corresponding MOER
signal from the local grid.

CONCLUSION

We developed an emission-based load shift control strategy for the HVAC system in a case study building
located in Berkeley, California, and quantified its impact using the marginal operating emissions rate (MOER) from
the local grid. This control strategy aims to shift chiller operation to periods when the grid has lower MOER, indicating
a higher availability of renewable energy. To achieve that, the proposed HVAC control works as a grid-interactive
pre-cooling strategy, which is enabled when the grid MOER falls below a predefined threshold, and in this study, we
simulated various threshold scenarios. Our results indicate that the amount of avoided carbon emissions increases with
higher thresholds, but this also raises the risk of increased energy consumption. The optimal threshold for the Northern
California grid region was found to be between 250 and 300 gCO»/kWh, resulting in an estimated 18% reduction in
HVAC-related carbon emissions during the spring season. However, due to significant seasonal variations, the overall
annual estimation only shows a 2% avoided operational emissions. The case study highlights that building operational
emissions exhibit substantial temporal variations proving the importance of marginal vs. average emission, and load
shifting alone is insufficient for reducing commercial building operational carbon footprint. Furthermore, investigating
the economic and environmental implications of emission-based load shift control is essential for developing practical
approaches to implement on a larger scale.
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