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1. Executive summary

This Master’s Project examines whether GridSeer, a machine learning-based energy

management platform developed at Duke University’s GRACE Lab, can produce avoided

Scope 2 greenhouse gas emissions at Duke University under a cost-minimizing electricity

load optimization framework. The project was motivated by a practical institutional need.

Although Duke University announced carbon neutrality in 2024, maintaining and strength-

ening emissions reductions remains a continuing challenge as campus energy demand, utility

conditions, and decarbonization expectations evolve. Universities are under increasing pres-

sure not only to report emissions accurately, but also to identify operational strategies that

can reduce emissions in practice. At the same time, conventional energy management ap-

proaches often rely on static schedules or cost-based logic that may not respond effectively

to changing grid conditions. This project therefore investigates whether machine learning

models for energy load prediction and cost-based energy operations optimization can pro-

duce measurable carbon benefits in a real campus setting, even when emissions reduction is

not explicitly included as the optimization objective, and support decision-making by Duke

University’s Office of Climate and Sustainability.

The project addresses three research questions:

• First, it evaluates Duke University’s current Scope 2 baseline and estimates the extent

to which GridSeer could reduce emissions under realistic operating conditions.

• Second, it compares GridSeer with other energy management technologies in order to

assess its relative strengths and limitations as a carbon-management tool.

• Third, it identifies short-term, practical measures that could enhance GridSeer’s ef-

fectiveness when used together with complementary technologies or programs.

Together, these questions were designed to move beyond a narrow technical assess-

ment and instead provide an applied evaluation of how GridSeer fits within Duke’s broader

institutional energy and climate strategy. The project is therefore both analytical and
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decision-oriented: it assesses a specific technology while also considering its implications

for campus energy management more broadly.

The analysis is based on the project’s three-phase structure:

• Phase 1 quantifies avoided Scope 2 emissions across different scenarios under Grid-

Seer’s cost-minimizing optimization framework, which was designed to minimize cost

rather than explicitly optimize for emissions,

• Phase 2 benchmarks GridSeer against comparable platforms,

• Phase 3 develops near-term recommendations for strengthening carbon outcomes

through complementary measures.

To answer the first research question, the project analyzes Duke University campus

electricity demand at 30-minute resolution over the period from May 2024 through Febru-

ary 2025, using the available Duke electricity dataset and interpreting results relative to

the OCS reporting framework. The analysis excludes Scope 1 emissions and focuses on

purchased electricity. The electricity dataset reflects system-wide consumption, while OCS

Scope 2 reporting applies a narrower institutional boundary, so absolute comparisons to

reported totals should be interpreted with caution.

Actual campus electricity demand was compared with GridSeer’s feasible demand pro-

file, representing the demand that would have occurred if Duke had operated its chilled-

water system and thermal storage according to GridSeer’s cost-minimizing optimization

logic under existing infrastructure and operational constraints. This optimization was not

designed to maximize CO2 reductions; rather, emissions impacts were evaluated ex post

under the cost-minimizing dispatch outcome.

Two feasible scenarios were examined: GridSeer + Storage (base) and GridSeer +

2×Storage, in which thermal storage capacity was doubled while the optimization objective

remained cost-based.

Emissions were assessed using both Average Operating Emissions Rate (AOER) and

Marginal Operating Emissions Rate (MOER) data from WattTime (WattTime, n.d.) for the

Duke Energy Carolinas footprint. AOER was used to support baseline interpretation and
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consistency with inventory-style reporting, whereas MOER was used to quantify avoided

emissions because it more accurately captures the emissions consequences of changes in

electricity demand over time.

The comparative assessment in Phase 2 relied on a qualitative review of publicly avail-

able evidence on GridSeer, EnergyCAP, and Radix, while Phase 3 used academic and

technical literature on carbon-aware optimization, thermal storage, demand response, and

building energy management systems to identify short-term actionable recommendations.

The results indicate that GridSeer’s cost-based optimization can still produce measur-

able but limited near-term Scope 2 emissions benefits at Duke University, even though

emissions reduction was not specified as an explicit optimization objective. In the GridSeer

+ Storage (base) scenario, feasible electricity demand was 4.95 GWh lower than observed

demand over the study period, representing a 1.26% reduction in electricity use. This cor-

responded to approximately 3,350 metric tons of net avoided CO2, or about 1.33% below

the baseline.

These findings show that GridSeer can generate a positive net carbon outcome. How-

ever, the benefit was neither large nor uniform across the full analysis period. Nearly 45.5%

of intervals showed emissions above baseline, indicating that the feasible cost-minimizing

operation sometimes shifted demand into time periods with higher marginal emissions.

The positive annualized result therefore masks substantial temporal variation. Carbon

benefits were stronger during summer conditions, when cooling loads and storage oppor-

tunities created more flexibility, while late-year months were weaker and in some cases

negative, reducing part of the earlier gains.

An important conclusion from the analysis is that GridSeer’s carbon benefit came pri-

marily from reducing total electricity consumption rather than from timing-based load

shifting. In the base scenario, about 94% of net avoided emissions came from lower total

electricity use, while only about 6% came from the timing effect of moving demand between

intervals.

The scenario comparison further shows that additional thermal storage improves the

3



overall carbon outcome. Under the GridSeer + 2×Storage scenario, cumulative net avoided

emissions increased from approximately 3,350 t CO2 to 4,398 t CO2, or by about 31%.

This finding is especially significant because the analysis also shows that high-price

periods do not consistently coincide with high-emissions periods. As a result, a strategy

designed only to minimize cost should not be expected to minimize carbon. In some inter-

vals, economically rational cost-minimizing decisions produced higher emissions outcomes.

In some intervals, the model’s economically rational decisions produced higher emissions

outcomes. This reveals a structural limitation of cost-only optimization when it is applied

in a context where electricity prices and marginal grid emissions are imperfectly aligned.

The project therefore demonstrates that financial efficiency and carbon efficiency are re-

lated but not identical objectives, and that treating them as interchangeable can weaken

emissions performance.

This indicates that increasing storage capacity can improve operational flexibility and

strengthen emissions reduction even when the optimization framework remains cost-focused.

At the same time, the same general seasonal pattern persisted, meaning that larger storage

capacity improved performance but did not fully resolve the underlying problem of cost-

carbon misalignment. Storage therefore appears to be a valuable enabling asset, but not a

complete solution on its own.

The comparative technology assessment suggests that GridSeer’s main strength lies in

its load based on stochastic models and risk-aware optimization capability rather than in

administrative carbon accounting or broad facility integration. Compared with EnergyCAP

and Radix, GridSeer appears most distinctive as a forward-looking, probabilistic decision-

support tool that can optimize controllable loads under uncertainty.

By contrast, EnergyCAP is stronger as a reporting, utility-management, and energy-

tracking platform, while Radix is stronger in asset-level building controls and operational

efficiency integration. This means that GridSeer should not be viewed as a standalone

carbon-management system. Rather, its greatest institutional value is likely to come from

functioning as an optimization layer within a wider campus energy-management architec-
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ture that includes metering, reporting, controls integration, and complementary flexibility

resources.

Based on these findings, the project recommends four near-term actions for Duke Uni-

versity:

• First, Duke should test carbon-inclusive optimization, such as introducing a shadow

carbon price or another emissions-weighted decision variable into the optimization

framework.

• Second, Duke should conduct a financial feasibility assessment of targeted thermal

storage expansion, using metrics such as IRR, NPV, and payback period, since sce-

nario analysis suggests that added flexibility can improve carbon performance.

• Third, the university should strengthen demand response and broader flexible-load

programs that can shift or reduce consumption when marginal emissions are highest.

• Fourth, Duke should improve controllable-load visibility and integration through bet-

ter submetering, coordination across campus systems, and closer alignment between

optimization outputs and operational execution.

These measures would increase the practical emissions value of GridSeer by aligning

optimization decisions more directly with carbon outcomes.

Overall, this Master’s Project concludes that GridSeer is a promising but partial tool for

Duke University’s next phase of climate and energy management. It can produce measur-

able avoided Scope 2 emissions under realistic institutional conditions, but its current value

is constrained by the fact that cost minimization alone optimizes economic performance

rather than emissions performance, so stronger carbon outcomes would require emissions

to be explicitly incorporated into the optimization objective.

The project therefore supports continued interest in GridSeer, while also showing that

stronger outcomes will depend on integrating the platform into a broader carbon-aware

energy strategy that combines optimization, storage, flexible demand, and improved oper-

ational coordination.

In this sense, the project contributes not only to Duke University’s internal decision-
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making, but also to wider discussions about how machine learning-enabled energy tools can

support practical decarbonization in complex institutional settings.
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2. Introduction

This Master’s Project evaluates the potential of GridSeer, a machine learning-driven

energy management platform developed at Duke University’s GRACE Lab, to reduce Duke

University’s Scope 2 (purchased electricity) greenhouse gas emissions through intelligent

load optimization. The report establishes an emissions baseline, quantifies avoided emis-

sions under realistic implementation scenarios, benchmarks GridSeer against other energy

management solutions, and provides short-term actionable recommendations for the Office

of Climate and Sustainability (OCS). This introduction sets out the problem and signifi-

cance, the conceptual and client context, the research objectives, and the structure of the

report.

2.1 Problem Statement and Significance

Institutions of higher education face growing pressure to demonstrate leadership in

sustainability and carbon reduction. Duke University achieved carbon neutrality in 2024

through a combination of on-campus emission reductions and carbon offsets (Duke Today,

2024), after nearly two decades of effort that reduced overall emissions by 31% since 2007

despite campus growth.

Maintaining and advancing this trajectory is nonetheless challenging: Duke’s 2024 cli-

mate report notes a 6% increase in emissions compared to 2023, driven in part by commuting

and evolving energy demands (Duke Sustainability, 2024). The question for Duke and sim-

ilar institutions is how to sustain and deepen emission reductions while accommodating

growth and operational change.

Traditional energy management—often static and reactive—is poorly suited to the vari-

ability of modern grids and to the uncertainties of dynamic energy markets. Machine learn-

ing and advanced analytics offer a way to shift from reactive to predictive management.

In this context, GridSeer suggests how a more adaptive energy-management approach

could address these limitations.

7



GridSeer provides probabilistic forecasting, real-time risk modeling, and adaptive opti-

mization, integrating campus operations data with insights from prior Duke Energy system

modeling. Unlike purely deterministic tools, it uses machine learning and probabilistic

modeling to anticipate and respond to uncertainty.

This project addresses a central question: Can machine learning -driven energy man-

agement technologies like GridSeer deliver measurable improvements in energy efficiency

and emission reductions while maintaining operational reliability and cost-effectiveness?

The answer matters for Duke’s next steps after carbon neutrality within its current

reporting boundary, especially since some major operations, including the Duke Health

System, remain outside that boundary, and, if the methodology and findings are replicable,

for other institutions balancing growth with sustainability commitments.

2.2 Literature Review and Theoretical Framework

Machine learning in energy management. Research has shown that ML-driven platforms

can improve forecasting accuracy, optimize energy distribution, and support grid reliabil-

ity (Zhang et al., 2023, Liu et al., 2022). GridSeer builds on this by using probabilistic

modeling that adapts to weather and system dynamics, and risk-adjusted stochastic unit

commitment (RAS-UC) to factor uncertainty into planning (GridSeer Technologies, 2024).

That represents a shift away from deterministic approaches that struggle with variability

in demand and supply.

Institutional context. Universities present distinct opportunities and challenges: com-

plex infrastructures, diverse building types, and variable occupancy create intricate demand

profiles (Johnson and Martinez, 2023). Documented implementations—e.g., Stanford’s pre-

dictive analytics and UC system machine learning–based optimization (California Energy

Commission, 2023) — show that AI-driven energy management can yield substantial effi-

ciency and cost gains in higher education.

Avoided emissions and Scope 2 "Avoided emissions" is the difference between a baseline

scenario and an intervention scenario, giving a quantitative measure of the climate bene-
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fit of a technology or practice (IPCC, 2023). For an institution that has declared carbon

neutrality within a defined reporting boundary, avoided emissions remain a useful way to

assess the value of ongoing efficiency investments and to identify further reduction oppor-

tunities, particularly where neutrality has depended partly on offsets and does not cover

all university-related operations.

This project focuses on Scope 2 emissions (purchased electricity), as GridSeer’s load

optimization targets electrical consumption. Scope 1 emissions (on-campus combustion)

are excluded. The analytical boundary used in this study does not fully align with the

OCS Scope 2 reporting boundary: the electricity dataset used for the GridSeer analysis

includes Duke Health System loads but excludes the Marine Lab, whereas OCS reporting

includes the Marine Lab, the School of Medicine, and the School of Nursing, but excludes

the Duke Health System. Accordingly, the absolute emissions totals reported here are

not intended to reproduce OCS inventory totals exactly. Instead, the analysis uses the

available electricity dataset to evaluate modeled avoided emissions under current operating

conditions.

Scope 2 emissions are sensitive to temporal variation in grid emissions intensity, includ-

ing hourly differences and the distinction between average and marginal emission factors.

For that reason, this analysis evaluates avoided emissions over the study period using his-

torical demand data and observed emissions factors rather than future projections.

Duke Energy context. Duke Energy supplies electricity to Duke University and the

region. Understanding the utility’s emission factors and generation patterns is necessary to

compute Scope 2 emissions and the avoided emissions possible through load shifting.

The analysis uses GridSeer’s existing framework applied to Duke University’s institu-

tional context; it does not modify or test Duke Energy’s system model. Supplementary

background figures on Duke Energy’s 2022 generation profile, fuel mix, and hourly and

monthly emissions patterns are provided in Appendix A.

Evaluation frameworks. Prior work has established methods for assessing AI-driven

energy systems in universities—stressing baselines, stakeholder engagement, and monitoring
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(Miller et al., 2023) — and for scenario-based analysis under different grid and price futures

(Chen and Rodriguez, 2022). This project applies and extends such ideas by combining

baseline establishment, avoided emissions quantification, technology benchmarking, and

short-term integration recommendations.

2.3 Client Context and Project Alignment

Duke University’s Office of Climate and Sustainability (OCS) is the primary client. OCS

has led the strategy that enabled carbon neutrality, including the Carbon Commitment and

Climate Action Plan updates. Its interest in this project stems from:

• the transition from achieving neutrality to maintaining and deepening climate lead-

ership,

• the desire to identify next-generation technologies that can deliver additional emission

reductions and operational efficiency,

• institutional interest in how a Duke-originated innovation (GridSeer, from the GRACE

Lab) can support sustainability goals.

OCS is particularly interested in how GridSeer aligns with Duke’s long-term energy

strategy—on-campus reductions and integration of renewables—and in contributing to

broader discourse on institutional sustainability. The evaluation is designed to be rigor-

ous and replicable so that other institutions can adapt the methodology. The project thus

supports both Duke’s immediate decision-making and the wider advancement of knowledge

on AI applications in institutional energy management.

2.4 Research Objectives and Report Structure

The project is organized around three research questions:

• Research Question 1 (Baseline and avoided emissions): What is Duke University’s

current Scope 2 emissions baseline, and how many emissions could be avoided under

GridSeer’s cost-minimizing optimization of electricity consumption under realistic op-

erating conditions?

• Research Question 2 (Comparative assessment): How does GridSeer compare to other
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energy management solutions in terms of load optimization, emission reduction po-

tential, and technological approach?

• Research Question 3 (Recommendations): What short-term actionable recommenda-

tions can be made for combining GridSeer with other technologies and programs Duke

could invest in now to maximize near-term emission reductions?

Structure of the report. The report proceeds from baseline and avoided emissions

(Phase 1), through comparative technology assessment (Phase 2), to short-term actionable

recommendations (Phase 3). Each phase addresses one research question with a defined

methodology and deliverables:

• The Phase 1 section establishes the Scope 2 baseline and quantifies avoided CO2

under GridSeer’s cost-minimizing scenarios (base storage and 2× storage), treating

emissions outcomes as the result of cost-based optimization rather than an explicit

carbon objective.

• Phase 2 benchmarks GridSeer against comparable platforms.

• Phase 3 provides prioritized, near-term options for combining GridSeer with comple-

mentary technologies and programs under current grid conditions.

Together, the three phases provide evidence-based support for OCS and university leader-

ship in evaluating GridSeer and planning next steps for institutional energy management.
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3. Methods

3.1 Methodology for Assessing Carbon Reduction Potential
3.1.1 Data source

Electricity consumption: Duke University electricity demand at 30-minute resolution

was used as the basis for the analysis. The dataset reflects system-wide electricity con-

sumption and includes Duke Health System loads. Although different institutional data

pathways are involved, the underlying electricity information ultimately originates from

Duke Energy billing records. In practice, EnergyCAP functioned primarily as a repository

and access point for electricity bill data, while Duke Utilities has historically acted as an

intermediary in providing data for institutional sustainability reporting. For this reason,

differences between this analysis and OCS Scope 2 reporting should not be interpreted as

differences between entirely independent source systems, but rather as differences in institu-

tional boundaries, data handling, and analytical purpose. OCS Scope 2 reporting includes

the School of Medicine, the School of Nursing, and the Marine Lab, but excludes the Duke

Health System. By contrast, the present analysis uses system-wide electricity data that

include Duke Health System loads but do not include the Marine Lab. Accordingly, the

absolute emissions totals reported here are not intended to reproduce OCS inventory totals

exactly, and direct comparison with OCS-reported totals should be made with caution.

Emission factors: WattTime (WattTime.org) Marginal Operating Emissions Rate (MOER)

and Average Operating Emissions Rate (AOER) for the Duke Energy Carolinas footprint.

MOER represents the emissions intensity of the marginal generator responding to incre-

mental changes in demand; AOER is a load-weighted average of all operating generators

and is used for inventory-style baseline interpretation, while MOER is used for avoided-

emissions quantification.

GridSeer feasible demand: GridSeer “feasible” demand—the demand profile that would

have occurred if Duke had operated its chilled-water system and thermal storage accord-

ing to GridSeer’s cost-minimizing optimization, subject to operational and infrastructure
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constraints. The comparison is Actual demand (what Duke consumed) vs feasible demand

(what GridSeer would have recommended). Chilled-water (and thermal storage) is the

feasible intervention pathway because it is the operational lever actually controllable by

GridSeer in this institutional setting; other campus loads are not optimized in the model.

Accordingly, the analysis estimates feasible avoided Scope 2 emissions, not verified ex post

reductions, by comparing observed campus electricity demand with the feasible demand

profile GridSeer would have recommended for controllable chilled-water operations under

the same time period and system constraints.

3.1.2 Boundaries

Scope: Scope 2 (purchased electricity) only; Scope 1 excluded.

Facilities: The analytical dataset reflects system-wide electricity consumption, including

Duke Health System loads. By contrast, OCS Scope 2 reporting applies a narrower insti-

tutional boundary that excludes the Duke Health System. The Marine Lab, while included

in OCS Scope 2 reporting, is not the focus of the present analysis.

Time period: May 2024–February 2025 (10 months), driven by joint data availability.

Scenarios: GridSeer + Storage (base)—current thermal storage; GridSeer + 2×Storage—doubled

thermal storage, same cost-only objective.

3.1.3 MOER/AOER Logic and Avoided-Emissions Quantification

AOER (Average Operating Emissions Rate) reflects the load-weighted average of all

operating generators and supports inventory-style reporting and comparison with OCS and

standard GHG practice. It is always lower than MOER because it includes baseload nuclear

and renewables.

MOER (Marginal Operating Emissions Rate) reflects the emissions intensity of the

marginal unit responding to demand changes. It is the appropriate basis for avoided-

emissions quantification from load shifting, because reducing or shifting demand at a given

moment displaces the marginal generator.

Avoided-emissions formula: At each 30-minute time step t, avoided CO2 is calculated
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as follows, then summed over the analysis period:

Avoided CO2,t = (Dactual,t ´ Dfeasible,t) MOERt (3.1)

where D denotes demand (kW) and MOERt is the marginal operating emissions rate

at time t. Net avoided CO2 is calculated as

Net avoided CO2 =
ÿ

t

Avoided CO2,t.

To distinguish the effect of reduced total electricity use from temporal load shifting, net

avoided CO2 was decomposed into a volume component and a timing component:

∆COvolume
2 =

(
ÿ

t

∆kWht

)
MOER (3.2)

∆COtiming
2 = ∆COnet

2 ´ ∆COvolume
2 (3.3)

Here, the volume component represents emissions reductions associated with lower total

electricity consumption, while the timing component captures the effect of shifting electric-

ity use across intervals with different marginal emissions.

Positive values indicate that the feasible profile would have led to lower emissions than

the actual profile (emissions avoided), whereas negative values indicate that load shifted

toward higher-MOER periods (e.g., under cost-only optimization). This MOER-based ap-

proach is consistent with the marginal impact of demand changes on the grid. WattTime

MOER was used as the reference for avoided-emissions quantification; Duke Energy residual

factors were used only for baseline alignment with OCS.

3.1.4 Timestamp alignment

All series were referenced to Eastern Time (ET). Duke campus load and GridSeer op-

timization output were at 30-minute resolution.
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WattTime MOER/AOER series were at finer resolution (e.g., 3- or 5-minute) and were

resampled to 30-minute intervals by taking the mean emission factor over each 30-minute

window, so that each demand interval was paired with a single MOER (and AOER) value.

This alignment ensures that baseline and avoided-emissions calculations use consistent

time steps.

3.1.5 Conversion and reproducibility procedures

30-minute demand to energy and emissions:

Demand (kW) × 0.5 → energy (kWh) per interval.

Emissions = energy × MOER (or AOER) in kg CO2/kWh, summed to monthly and

period totals and reported in t CO2.

Daylight saving time: All series were referenced to Eastern Time (ET); Daylight Sav-

ing Time (DST) transitions were explicitly accounted for, ensuring consistent hour-of-day

comparisons across months.

Results depend on MOER source, resampling, and analysis window; key conventions

are summarized below:

• Data interval 30 minutes; WattTime resampled to 30-minute.

• Cases analyzed: GridSeer + Storage (feasible case under existing infrastructure con-

straints); GridSeer + 2ˆStorage (feasible case with doubled thermal storage capacity).

• Major caveats Chilled-water only; WattTime MOER reference; 10-month window;

optimization limited to feasible cases under the specified infrastructure assumptions.
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3.2 Methodology for Comparative Technology Assessment

This phase addressed Research Question 2 by comparing GridSeer with other avail-

able energy management technologies in terms of load optimization capabilities, emissions

relevance, and technological approach.

The analysis used a literature-based comparative method that combined review of pub-

licly available materials with technology specification analysis. The purpose was to evaluate

how GridSeer differs from other platforms based on documented functionality and reported

outcomes.

Data were collected from secondary sources, including vendor materials, case studies,

industry reports, and academic literature related to institutional energy management.

A broader set of technologies was reviewed initially, but the final detailed comparison

focused on GridSeer, EnergyCAP, and Radix because these platforms provided the most

complete and comparable information across the selected criteria.

The comparison was organized using a structured evaluation matrix covering load opti-

mization, emissions management, and ML and analytical sophistication. The analysis was

qualitative and comparative, with attention to whether the available evidence reflected di-

rect documented functionality, indirect relevance, or limited evidence. The final summary

matrix used to synthesize the comparison across criteria is provided in Appendix C.

Because the evidence base differed across platforms, the comparison emphasizes rela-

tive functional fit and strength of documented evidence rather than treating all reported

outcomes as equally comparable.
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3.3 Methodology for Short-Term Actionable Recommendations

This phase addressed Research Question 3 by identifying short-term options for combin-

ing GridSeer with complementary technologies and programs that could strengthen near-

term emissions reduction in a university setting.

The analysis used a literature-based qualitative approach and drew on peer-reviewed

studies, technical reports, and campus case studies related to carbon-aware optimization,

thermal energy storage, demand response, grid-interactive efficient buildings, and building

energy management systems.

The purpose was not to develop a new optimization model, but to formulate practical

recommendations based on external evidence relevant to campus energy management.

The recommendations were developed by reviewing additional sources and identify-

ing measures that were repeatedly supported in the literature as relevant for improving

emissions-reduction performance, operational flexibility, and implementation feasibility.

The output of this phase was a set of short-term recommendations for complementary

measures that could strengthen the practical carbon-reduction value of GridSeer under

current campus operating conditions.
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4. Results or observations

4.1 Assessment of GridSeer’s Carbon Reduction Potential at Duke
University
4.1.1 Baseline and Duke Energy Grid Context

To interpret the avoided-emissions results that follow, it is first necessary to define the

baseline used for comparison. This section presents the baseline for Research Question 1

and evaluates avoided Scope 2 emissions under GridSeer feasible cases using the available

electricity dataset. Electricity supplied through the Duke Energy system does not have a

fixed carbon intensity; instead, grid emissions vary over time with changes in operating

conditions and generation patterns. For this reason, avoided emissions are assessed using

MOER, since this metric better reflects the carbon impact of changes in electricity con-

sumption over time. Comparisons with OCS-reported Scope 2 totals should be made with

caution because the analytical dataset used here and the OCS Scope 2 reporting boundary

are not identical. The results first examine changes in electricity use relative to the baseline

and then assess how those changes translate into avoided emissions. Additional background

figures on Duke Energy’s annual and seasonal generation and emissions patterns are pro-

vided in Appendix A.

As part of the project, Scope 2 emissions were also reconstructed using Duke’s internal

electricity data in order to better understand the institutional accounting approach. This

exercise suggests that differences in reported emissions can arise from system boundaries,

data handling, and methodological approach rather than from wholly different underly-

ing electricity sources. In practice, both institutional reporting and the present analysis

ultimately rely on electricity information derived from Duke Energy billing records, even

though the data may pass through different institutional systems such as Duke Utilities or

EnergyCAP. More importantly, the present study differs from OCS reporting in analyti-

cal objective. OCS Scope 2 emissions are calculated for institutional inventory reporting

within a defined reporting boundary, whereas this analysis uses marginal emissions (MOER)
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together with system-wide electricity data to estimate the operational carbon effect of mod-

eled load optimization. As a result, the emissions reductions identified in this study are

not intended to directly translate into reported Scope 2 reductions, but rather to reflect

the operational carbon implications of feasible changes in load shape and electricity use.

4.1.2 Summary Metrics for the GridSeer + Storage(Base) Scenario

As shown in Figure 4.1, the GridSeer + Storage (Base) scenario produced a modest

net reduction in both electricity use and MOER-based Scope 2 emissions over the May

2024-February 2025 study period.

Total feasible electricity demand was 4.95 GWh lower than observed demand (-1.26%),

corresponding to approximately 3,350 t CO2 of net avoided emissions (-1.33% relative to

the baseline). The implied carbon benefit intensity was 0.68 t CO2 per MWh saved. How-

ever, despite the positive net result, 45.5% of intervals exhibited emissions above baseline,

suggesting that the overall benefit was not uniform across time.

To better understand the source of this overall reduction, the next section examines

how electricity use changed relative to the baseline.

4.1.3 Changes in Electricity Use

Figure 4.2 shows that the reduction in electricity use was not evenly distributed across

the study period. Under the GridSeer-feasible scenario, total feasible electricity demand was

approximately 4.95 GWh lower than observed demand (about 393 GWh), corresponding to

a reduction of 1.26%.

The largest reductions occurred during the summer months, particularly from June

through September, with the strongest effect visible in July. By contrast, the feasible

scenario was close to baseline in May and October, while several late-year months, especially

November through January, showed slightly higher electricity use than the baseline.

This pattern shows that the net reduction in electricity use was driven mainly by larger

summer reductions, whereas later months were closer to the baseline or slightly above it.

These temporal differences are important for interpreting the emissions outcome, since the

19



FIGURE 4.1: Impact summary for the GridSeer + Storage (Base) scenario, May 2024-
February 2025

carbon effect of electricity use depends not only on how much electricity is consumed, but

also on when that consumption occurs.

FIGURE 4.2: Monthly change in electricity use relative to the baseline under the GridSeer
+ Storage (Base) scenario, May 2024–February 2025.
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4.1.4 Grid Carbon Signal and Temporal Pattern

The carbon intensity of electricity supplied by the Duke Energy system varies over time

with operating conditions and generation patterns. This section examines that grid carbon

signal and the temporal pattern of avoided emissions under the GridSeer scenario using two

figures: the baseline expressed under average versus marginal emission factors (AOER vs.

MOER) and a heatmap showing when avoided CO2 occurs by month and hour of day.

Figure 4.3 compares baseline electricity-related CO2 calculated using AOER and MOER

over the study period. The two series diverge over time, with the MOER-based baseline

always exceeding the AOER-based baseline. The figure therefore illustrates why MOER,

rather than AOER, is used to quantify avoided emissions in this analysis: the emissions

impact of a change in electricity use depends on the marginal carbon intensity of the grid

at the time of that change.

FIGURE 4.3: Comparison of AOER- and MOER-based baseline electricity CO2 emissions,
May 2024-February 2025

Figure 4.4 shows the temporal distribution of avoided CO2 under the GridSeer scenario

as a heatmap of mean avoided emissions by month and hour of day. Green cells indicate

intervals in which the feasible scenario produced lower emissions than the baseline, while

red cells indicate intervals in which emissions were higher than the baseline.

The pattern is both seasonal and diurnal. Summer months show the strongest concen-

tration of avoided CO2, whereas later months are more mixed and include more intervals

with emissions above baseline. Taken together, the heatmap shows that avoided emissions
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are not distributed evenly across time, but depend on when demand reductions or increases

occur relative to the changing carbon intensity of the Duke Energy grid.

FIGURE 4.4: Heatmap of avoided CO2 by month and hour of day under the GridSeer +
Storage (Base) scenario

4.1.5 Electricity Price and Carbon Signal Alignment

Duke University’s electricity supply is subject to time-of-use tariffs that define on-peak,

off-peak, and discount periods, while the carbon intensity of the grid (MOER) varies in-

dependently with dispatch and generation conditions. Figure 4.5 compares these price

windows with the temporal pattern of MOER over the study period for summer and non-

summer months.

The figure shows that high-price periods do not consistently align with periods of high

marginal carbon intensity. In some months, relatively high MOER values occur during

off-peak or discount periods, while some on-peak hours are associated with lower marginal

emissions.

This indicates that load shifting designed to reduce electricity cost does not necessarily

reduce carbon emissions at the same time, because emissions minimization was not specified

as a separate optimization objective. The observed misalignment is therefore consistent with

the decomposition results, in which the timing component contributes only a modest share

of total avoided CO2, while the larger carbon benefit comes from reduced electricity use

overall.
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FIGURE 4.5: Alignment between TOU price windows and marginal carbon intensity
(MOER) by month and hour of day

Additional diagnostic figures illustrating the relationship between price windows, marginal

emissions, and supplementary scenario behavior are provided in Appendix B.

4.1.6 Decomposition of Avoided Emissions: Volume vs. Timing

The net avoided emissions under the GridSeer + Storage (Base) scenario can be decom-

posed into two components: the contribution from reduced total electricity consumption

(volume) and the contribution from shifting demand across intervals with different marginal

carbon intensities (timing). Figure 4.6 presents this decomposition.

The volume component accounts for emissions avoided because the feasible scenario uses

less electricity overall than the baseline. For this scenario, the volume effect is approximately

3,159 t CO2, or about 94% of total avoided emissions. This indicates that the carbon benefit

is driven primarily by lower total electricity consumption, consistent with the 4.95 GWh

reduction in feasible demand relative to the baseline.

The timing component captures the effect of reallocating demand across intervals with

different MOER values. For this scenario, the net contribution of load shifting is approx-

imately 192 t CO2, or about 6% of total avoided emissions. This smaller contribution

indicates that timing plays a secondary role relative to overall demand reduction, even

though emissions remain above baseline in 45.5% of intervals.
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Taken together, the two components sum to approximately 3,350 t CO2 of net avoided

emissions, confirming that the overall carbon benefit is driven mainly by volume, with

timing providing a modest additional contribution.

FIGURE 4.6: Decomposition of net avoided CO2 into volume and timing effects

4.1.7 Monthly and Cumulative Net avoided CO2

The net avoided emissions of approximately 3,350 t CO2 are not distributed evenly

across the study period. Figure 4.7 shows both monthly net avoided CO2 (bars) and the

cumulative total (line) for the GridSeer + Storage (Base) scenario over May 2024–February

2025.

Monthly net avoided emissions are positive during the summer months, particularly

from June through September, when feasible demand reductions produce a net carbon

benefit relative to the baseline. The largest monthly gains occur in June, July, and August,

consistent with the earlier patterns observed in electricity use and avoided-CO2 timing.

By contrast, May is close to zero, and several later months, especially October through

January, show negative monthly values. February contributes a small positive increment.

As a result, the cumulative curve rises steadily through the summer, peaks after Septem-

ber, declines during the late-year months, and then recovers slightly in February. By the

end of the study period, the cumulative total reaches approximately 3,350 t CO2, reflecting
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the net balance of positive summer gains and weaker or negative contributions later in the

period.

Overall, Figure 4.7 shows that the avoided-emissions result is seasonal rather than uni-

form across time. The net carbon benefit is driven mainly by strong summer reductions,

while later months offset part of that gain.

FIGURE 4.7: Monthly and cumulative net avoided CO2 for the GridSeer + Storage (Base)
scenario

4.1.8 Scenario Comparison

Figure 4.8 compares the GridSeer + Storage and GridSeer + 2×Storage scenarios over

the same study period (May 2024–February 2025), showing both monthly net avoided CO2

and the cumulative total for each case.

Under the base storage scenario, cumulative net avoided emissions reach approximately

3,350 t CO2 by the end of the period. Under the doubled-storage scenario, the cumulative

total is higher, reaching approximately 4,398 t CO2. The 2×Storage case shows stronger

positive monthly results in May and October and smaller negative values in the late-year

months, so that its cumulative curve remains above that of the base scenario for most of

the study period. Overall, the feasible results indicate that increasing storage capacity is

associated with approximately 1,050 t CO2 of additional net avoided emissions, or about

31% more than the base scenario.

The comparison therefore shows that larger storage capacity improves the carbon out-

come in the feasible framework, while preserving the same general seasonal pattern observed
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in the base case.

FIGURE 4.8: Comparison of monthly and cumulative net avoided CO2 under the GridSeer
+ Storage and GridSeer + 2×Storage scenarios

Supplementary figures showing additional temporal detail for the GridSeer + 2×Storage

scenario are included in Appendix B.
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4.2 Comparison of GridSeer with Alternative Energy Management
Platforms
4.2.1 Overview of Compared Technologies

The comparative assessment identified three distinct approaches to energy and sustain-

ability management: administrative data centralization, probabilistic grid optimization,

and operational asset-level intelligence.

EnergyCAP was identified as a data-centric platform focused on utility management,

bill validation, and GHG reporting (EnergyCAP, n.d., EnergyCAP, 2024b, EnergyCAP,

2026c). Its primary role is to centralize utility and carbon data across complex building

portfolios to reduce reliance on manual processes and fragmented data systems (Energy-

CAP, n.d., EnergyCAP, 2024b, EnergyCAP, 2026a).

GridSeer showed the strongest emphasis on probabilistic forecasting and scenario-based

optimization, using AI-driven analytics to address uncertainty in power generation and

grid demand (GridSeer, 2025c, EnergyCAP, 2026c, GridSeer, 2025b, GridSeer, 2026). The

technology specifically targets volatility associated with weather fluctuations and increasing

clean energy integration (GridSeer, 2025c, GridSeer, 2025b).

Radix was positioned as an operational optimization platform focused on physical as-

set performance and real-time building-level insights (Radix, 2026b, Radix, n.d.-c, Radix,

2026c, Klafke, 2025, Radix, 2026a). The framework combines engineering analysis and

software integration to connect physical infrastructure with digital intelligence, supporting

efficiency improvements in complex environments(Radix, n.d.-c, Radix, 2026c).

Although all three technologies address energy cost and decarbonization goals, they

operate at different functional levels: administrative data management, grid-level predictive

optimization, and on-site operational control.

4.2.2 Load Optimization Capabilities

The comparative analysis identified three distinct methodologies for managing energy

loads, categorized by their reliance on administrative visibility, probabilistic prediction, or
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real-time operational oversight.

EnergyCAP was identified as an analytics-driven platform that supports load reduc-

tion primarily through anomaly detection and interval data visibility (EnergyCAP, 2024b,

EnergyCAP, 2026c). The system utilizes machine learning trend analysis to establish per-

formance baselines and identify peak demand periods (EnergyCAP, 2024b,EnergyCAP,

2026a). While the technology is not designed as a direct building automation system, it

can support user-led load-shifting and curtailment decisions by providing real-time alerts

and high-resolution usage data (EnergyCAP, 2024b,EnergyCAP, 2026c). Vendor-reported

survey data indicated that this visibility was associated with year-over-year utility sav-

ings of 10% or more for over half of surveyed users(The Essential Guide to EnergyCAP,

EnergyCAP, 2026b).

GridSeer showed the strongest emphasis on predictive load management through the

use of probabilistic ML-driven analytics. The platform also incorporates digital-twin–based

representations of campus energy systems to simulate and evaluate operational scenarios un-

der uncertainty. (GridSeer, 2025c,EnergyCAP, 2026c, GridSeer, 2026). Unlike traditional

deterministic models, the technology generates scenario-based forecasts that quantify un-

certainty related to weather and renewable generation (GridSeer, 2025b,GridSeer, 2026).

The platform was designed to support forward-looking planning by scheduling power gener-

ation up to two weeks in advance through a risk-aware scheduling methodology (GridSeer,

2025c,GridSeer, 2026, GridSeer, 2025a). Vendor case materials reported monthly savings

exceeding $70,000 in specific load management applications involving storage optimization

(GridSeer, 2025a).

Radix was positioned as a platform focused on operational asset-level optimization, uti-

lizing "digital energy twins" to bridge physical infrastructure with digital intelligence(Radix,

n.d.-c, Klafke, 2025, Radix, 2026a). The framework uses integrated IoT sensors to iden-

tify real-time inefficiencies, such as anomalous HVAC behavior or compressed air leaks

(Klafke, 2025, Radix, 2026a). The technology further provides configuration recommenda-

tions aimed at improving operational efficiency for equipment operators based on current
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demand and fuel pricing (Radix, n.d.-b, Radix, n.d.-c. Reported outcomes from this ap-

proach include campus-level assessments indicating potential operational cost savings of

27% and industrial case evidence of energy savings up to 15% (Radix, 2026b, Radix, 2026a,

Klafke, 2025).

In summary, the compared technologies offer complementary load optimization strengths:

EnergyCAP supports corrective administrative action through data visibility, GridSeer em-

phasizes predictive risk management through stochastic modeling, and Radix supports

operational efficiency through real-time asset monitoring and operator-focused advisory

recommendations.

4.2.3 Emissions Management Capabilities

The comparative analysis identified three distinct strategies for emissions management,

focused on administrative reporting, system-level decarbonization support, and asset-level

operational efficiency. While these technologies share the objective of supporting sustain-

ability goals, they differ significantly in their approach to direct carbon accounting, protocol

alignment, and documented outcomes.

EnergyCAP was identified as a platform for auditable carbon accounting and sus-

tainability reporting (EnergyCAP, 2024b,EnergyCAP, 2026a). Through its CarbonHub

module, the technology automates the calculation of Scope 1, 2, and 3 emissions by ap-

plying standard or custom emission factors directly to centralized utility data (Energy-

CAP, 2024b,EnergyCAP, 2026a). This approach is designed for compliance with the

GHG Protocol and supports disclosure across ESG reporting frameworks(EnergyCAP,

2024b,EnergyCAP, 2026c). However, the platform appears to function primarily as an ac-

counting system rather than a tool for direct emissions reduction; avoided emissions are of-

ten user-calculated by applying external factors to verified energy savings tracked separately

through measurement and verification (M&V) modules(EnergyCAP, 2026c,EnergyCAP,

2025, EnergyCAP, 2022, EnergyCAP, 2024c, EnergyCAP, 2025, EnergyCAP, 2026a). Re-

ported outcomes associated with this management approach include a documented reduc-
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tion of 155,000 metric tons of CO2e at Oklahoma State University.

Evidence for direct emissions-accounting functionality within GridSeer remains limited

compared to the other platforms (EnergyCAP, 2026c, GridSeer, 2026). Public documenta-

tion does not identify specialized modules for auditable Scope 3 reporting or formal carbon-

accounting protocol compliance (EnergyCAP, 2026c, GridSeer, 2026). Instead, the frame-

work offers indirect decarbonization support by improving renewable integration, storage

utilization, and grid stability (GridSeer, 2025c, GridSeer, 2025a). By utilizing probabilistic

AI to manage the inherent variability of clean energy resources, the platform supports their

effective integration into system operations (EnergyCAP, 2026c, GridSeer, 2025c). While

vendor materials indicate the system allows providers to pursue carbon reduction strategies

while maintaining system stability, specific quantified emissions outcomes were not clearly

documented in the provided evidence (EnergyCAP, 2026c).

Radix was positioned as a platform for operational emissions management through the

use of "digital energy twins" (Radix, n.d.-c). The system aligns its reporting with interna-

tional standards, including the GHG Protocol, supporting more standardized and traceable

carbon-savings estimation (Klafke, 2025, Radix, 2026a). However, available evidence for

Radix was stronger on operational efficiency improvement than on directly documented

emissions outcomes. Reported operational outcomes include potential savings of 27% in

operational costs at George Washington University and a $1 million annual reduction in

operating costs at the University of Massachusetts Amherst, which may imply associated

emissions benefits (Radix, n.d.-c, Radix, 2026c).

In summary, the compared technologies offer complementary emissions management

strengths: EnergyCAP demonstrates the strongest documented reporting capability for

compliance and transparency; GridSeer provides indirect decarbonization support with lim-

ited direct emissions-reporting evidence; and Radix focuses on operational efficiency with

potential emissions relevance through asset-level monitoring and protocol-aligned verifica-

tion
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4.2.4 AI and Analytical Sophistication

The comparative analysis identified a spectrum of analytical sophistication across the

three technologies, differentiated primarily by their handling of uncertainty and their un-

derlying modeling logic (EnergyCAP, 2026c). While all three platforms leverage machine

learning, the analytical methodology transitions from trend-oriented baseline analysis to

probabilistic risk modeling and simulation-driven optimization (EnergyCAP, 2026c).

EnergyCAP employs machine learning primarily for pattern recognition, anomaly de-

tection, and historical performance modeling (EnergyCAP, 2026c), EnergyCAP, 2026a).

Through its proprietary machine learning module, the system automates the "weatheriz-

ing and calendarizing" of utility data, using algorithms to normalize consumption patterns

against weather sensitivity and billing cycles (EnergyCAP, 2024b). Available evidence sug-

gests the platform relies primarily on baseline-based and trend-oriented analytics rather

than probabilistic uncertainty modeling (EnergyCAP, 2026c). Its analytical depth is fo-

cused on establishing "expected performance" based on past data to identify usage "outside

of normal ranges," with uncertainty quantification largely limited to basic variance analysis

and benchmarking metrics (EnergyCAP, 2024b, EnergyCAP, 2026c).

GridSeer exhibits a high degree of mathematical sophistication regarding uncertainty-

aware analytics (GridSeer, 2025c, GridSeer, 2025b). Developed at Duke University, the

platform utilizes probabilistic AI-driven analytics that generate scenario-based forecasts

(GridSeer, 2025c, GridSeer, 2025b, GridSeer, 2026). Unlike systems that provide a single-

point prediction, GridSeer predicts a wide range of possible future states and assigns a

probability of occurrence to each state, effectively quantifying the risks associated with

weather and renewable variability (GridSeer, 2026). This probabilistic logic is integrated

into a Risk-Adjusted Stochastic Unit Commitment (RAS-UC) framework, which uses con-

tinuous model refinement to optimize system operations at a specific, user-defined level of

risk (EnergyCAP, 2026c, GridSeer, 2026).

Radix demonstrates analytical depth through simulation-driven operational analytics
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and asset-level modeling (Radix, n.d.-a). The framework employs computational modeling

to simulate hundreds of operational scenarios, utilizing thermodynamic and engineering de-

sign parameters to identify efficient plant configurations (Radix, n.d.-a, Radix, 2026b). This

optimization logic allows the system to consider various cost curves and fuel prices simul-

taneously (Radix, n.d.-a, Radix, 2026b). Furthermore, the platform utilizes autonomous

AI to optimize process variables in industrial settings, supporting automated decision-

making aimed at reducing downtime and improving production efficiency (EnergyCAP,

2026c, Radix, n.d.-c).

In summary, the compared technologies offer distinct analytical methodologies: Ener-

gyCAP relies on trend- and baseline-oriented analytics for historical performance tracking

(EnergyCAP, 2026c); GridSeer utilizes probabilistic and uncertainty-aware analytics for

systemic risk management (EnergyCAP, 2026c); and Radix employs simulation-driven op-

erational analytics to model and optimize asset-level configurations (Radix, n.d.-c, Radix,

n.d.-a).

4.2.5 Cross-technology Synthesis

Taken together, the comparative assessment suggests that the three platforms are best

understood as serving different decision layers within institutional energy management

rather than competing as fully interchangeable solutions.

EnergyCAP is strongest at the administrative layer, where the primary need is cen-

tralized utility data management, auditable emissions accounting, and reporting alignment

with established frameworks (EnergyCAP, n.d.). Its comparative advantage is therefore

strongest in transparency, compliance, and portfolio-wide tracking, but weaker in direct

operational control or forward-looking optimization.

GridSeer is strongest at the system-optimization layer. Compared with the other tech-

nologies, it shows the clearest emphasis on probabilistic forecasting, risk-adjusted schedul-

ing, and anticipatory load management under uncertainty (GridSeer, 2025c). This makes it

the most analytically distinctive platform in the comparison and the most directly aligned
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with the central problem examined in this project: whether AI-enabled optimization can

improve the carbon performance of campus electricity use. However, the available public

evidence for GridSeer is stronger on optimization logic and renewable-integration support

than on direct, protocol-aligned emissions accounting or independently documented car-

bon outcomes. Its comparative strength therefore lies in decision support for operational

strategy, not in formal emissions reporting.

Radix is strongest at the asset and plant-operations layer (Radix, n.d.-c, Radix, 2026a).Its

value appears to come from detailed physical-system insight, digital-twin modeling, and

operator-facing recommendations that improve the performance of complex infrastructure

such as CHP plants, district energy systems, and microgrids.

In comparative terms, Radix appears more operationally embedded than EnergyCAP

and more equipment-focused than GridSeer. At the same time, the available evidence is

stronger for efficiency and cost outcomes than for directly measured emissions reductions,

which limits the strength of carbon-specific conclusions that can be drawn from public

materials alone.

From Duke University’s perspective, this comparison indicates that GridSeer is the most

relevant platform for evaluating prospective carbon-aware load optimization, but not the

strongest standalone platform for carbon management in a broader institutional sense:

• If the objective is auditable inventory management and disclosure, EnergyCAP is the

stronger fit (EnergyCAP, n.d., EnergyCAP, 2024b, EnergyCAP, 2026a).

• If the objective is asset-level operational tuning across physical plant systems, Radix

appears better aligned (Radix, 2026b, Radix, n.d.-c, Radix, 2026c).

• If the objective is forward-looking optimization of flexible energy resources under

uncertain grid conditions, GridSeer is the strongest fit among the three (GridSeer,

2025c, GridSeer, 2026, GridSeer, 2025a).

The comparison therefore supports viewing GridSeer not as a complete substitute for

other energy-management systems, but as a specialized optimization layer whose institu-

tional value would be greatest when combined with stronger reporting infrastructure and
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broader operational integration. A consolidated summary matrix of the compared tech-

nologies is provided in Appendix C.
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4.3 Recommendations for Combining GridSeer with Complemen-
tary Measures

Research Question 3 examines which short-term measures could strengthen the emissions-

reduction value of GridSeer when combined with complementary technologies and programs.

The literature reviewed for this section suggests that the most relevant near-term options

are carbon-inclusive optimization, additional thermal storage, broader demand response,

and stronger building energy management integration. Across these sources, the common

finding is that operational flexibility has greater decarbonization value when it is directed

by carbon-relevant signals and supported by controllable assets and better system visibility

(Jiang et al., 2025, Federal Energy Management Program, 2024).

4.3.1 Carbon-inclusive optimization

The first and strongest recommendation is to test a carbon-inclusive optimization ap-

proach rather than relying only on cost-minimizing dispatch logic. Recent carbon-aware

load-shifting research shows that shifting load based on average carbon signals can be in-

effective, or even counterproductive, because average signals do not necessarily reflect the

marginal generator that is actually affected by a change in demand. The same study argues

that average carbon intensity may not be the right signal for effective emissions reduction

and highlights the need for improved carbon signal design (Jiang et al., 2025).

This makes carbon-inclusive optimization especially relevant as a near-term recommen-

dation. Instead of requiring major capital replacement, it changes the decision rule that

governs when flexible loads should move. The literature also notes that carbon-aware

scheduling can explicitly incorporate a user-defined carbon cost or carbon preference into

decision-making, which supports the practical idea of testing a shadow carbon price or

similar carbon-weighted objective (Jiang et al., 2025,Lechowicz et al., 2025).

4.3.2 Additional thermal storage

The second recommendation - Duke University should conduct a financial feasibility

assessment of additional thermal storage capacity. While the scenario analysis shows that
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increased storage can improve carbon outcomes, its implementation depends on economic

viability. A structured evaluation using metrics such as internal rate of return (IRR),

net present value (NPV), and payback period should be performed to assess the cost-

effectiveness of storage expansion. This analysis should incorporate capital costs, opera-

tional savings from load shifting, and potential carbon benefits. Such an approach would

enable Duke University to prioritize storage investments that deliver both economic and

environmental value (Huylo et al., 2024).

The broader building literature supports the same direction. Reviews of thermal en-

ergy storage (TES) in buildings show that TES can be cost-effective, improve operational

flexibility, and in some applications compete favorably with battery storage depending on

the use case and control strategy (Huylo et al., 2024). The practical implication is that

storage should be treated not as a standalone carbon solution, but as a flexibility enhancer

that increases the amount of load that optimization can meaningfully shift.

4.3.3 Demand response and demand flexibility

A third recommendation is to pair GridSeer with broader demand response and building

demand flexibility measures. The demand-flexibility literature shows that buildings can use

thermal inertia, smart controls, and HVAC scheduling to shift consumption while main-

taining comfort constraints. Grid-interactive efficient building frameworks describe this

flexibility as a decarbonization resource that can reduce emissions during peak demand

events while also lowering costs and supporting grid services (Federal Energy Management

Program, 2024, Pantoš and Lukas, 2025a).

This is reinforced by implementation-oriented evidence. Federal Grid-Interactive Ef-

ficient Building (GEB) guidance notes that integrating smart controls, storage, demand

response, and utility interaction can help avoid higher peaks and lower emissions, particu-

larly when utilities call demand events to reduce reliance on peaker plants (Federal Energy

Management Program, 2024).In parallel, building-flexibility studies show that shifting heat-

ing and cooling operation can improve system resilience and align building operation more
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closely with grid needs (Pantoš and Lukas, 2025a).

4.3.4 Expansion of controllable loads and energy-management inte-
gration

A fourth recommendation is to expand the range of controllable loads and strengthen

the supporting energy-management architecture. The grid-interactive building literature

emphasizes that decarbonization improves when buildings combine monitoring, smart con-

trols, distributed resources, storage, and operational coordination rather than relying on a

single isolated intervention (Federal Energy Management Program, 2024).

A campus case from Columbia University supports this practical point. There, subme-

tering and integration across multiple BMS and SCADA environments improved visibility

into building behavior, enabled interval-data analysis, supported more economical plant

operation, and strengthened KPI and emissions reporting (McBeath, 2023).This suggests

that better optimization depends not only on better algorithms, but also on better data

visibility and broader operational control across campus systems.

4.3.5 Overall result

Taken together, the literature supports a clear priority structure for near-term action.

The strongest first step is to test carbon-inclusive optimization, because it addresses the

core limitation of cost-only timing logic without requiring immediate infrastructure replace-

ment. The next most practical option is targeted expansion of thermal storage, followed by

broader demand-response measures and stronger integration of controllable building sys-

tems through submetering, monitoring, and energy-management platforms. Overall, the

literature suggests that GridSeer is likely to create greater carbon value when used as part

of a broader campus flexibility strategy rather than as a standalone cost-optimization tool

(Jiang et al., 2025, Huylo et al., 2024, Federal Energy Management Program, 2024).
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5. Discussion

This study finds that GridSeer has measurable but bounded potential to reduce Duke

University’s Scope 2 emissions under current operating conditions. In the base storage

scenario, the feasible intervention produced a modest net reduction in both electricity use

and MOER-based emissions over the May 2024–February 2025 study period. However, the

carbon benefit was not uniform across time: avoided emissions were concentrated mainly

in summer months, while several later months showed weaker or negative monthly results.

The results also show that most of the carbon benefit came from lower total electricity

use rather than from the timing of load shifting itself. In the base scenario, about 94% of

net avoided CO2 came from the volume effect, while only about 6% came from timing. In

addition, high-price periods did not consistently align with high marginal carbon intensity,

indicating that cost minimization optimizes economic performance, whereas stronger carbon

outcomes require emissions to be explicitly incorporated into the optimization objective.

(Sukprasert et al., 2024, Siler-Evans et al., 2012). Finally, the 2×Storage scenario outper-

formed the base storage case, suggesting that additional flexibility can improve outcomes

even when the optimization objective remains unchanged.

These findings are important because they clarify what GridSeer is, and is not, deliv-

ering in this institutional context. The results do support the value of ML-enabled load

optimization for reducing electricity demand and producing positive avoided-emissions out-

comes. At the same time, they show that the carbon-reduction value of such optimization

depends strongly on the relationship between operational decisions and the temporal carbon

signal of the grid.

In this case, the feasible benefit was positive overall. That distinction matters because it

suggests that cost optimization alone was not designed to optimize emissions in Duke’s tariff

and grid context, because emissions were not included in the objective function (Sukprasert

et al., 2024).
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This interpretation is consistent with the literature reviewed in Research question 3.

Carbon-aware load-shifting research shows that optimization based on average or non-

marginal carbon signals can be ineffective and, in some cases, counterproductive for emis-

sions reduction because the relevant effect of demand changes is determined by marginal

system response rather than by the average generation mix (Sukprasert et al., 2024, Siler-

Evans et al., 2012). That literature supports the interpretation that the weak timing con-

tribution observed here is not a trivial detail, but a meaningful indicator of misalignment

between cost-based dispatch and carbon-relevant timing (Sukprasert et al., 2024).

The storage findings also align with prior building and campus studies. Thermal energy

storage is widely described as a promising flexibility resource for peak shaving and HVAC

load management, and campus-scale evidence shows that storage can improve operational

flexibility, reduce peak load, and support lower-emissions operation under suitable control

conditions (Arteconi et al., 2012, Huylo et al., 2024).The higher cumulative avoided CO2

in the 2×Storage scenario reflects increased operational flexibility rather than a directly

optimized carbon outcome. Additional storage does not automatically guarantee an optimal

carbon result, but it expands the physical flexibility available to the optimization system.

(Arteconi et al., 2012, Odukomaiya et al., 2021).

The Phase 2 comparison also helps interpret the meaning of these findings. The compar-

ative review suggested that GridSeer’s distinctive strength lies in predictive optimization

based on stochastic models, risk-aware optimization, and analytical sophistication rather

than in mature carbon-accounting infrastructure or broad facility-management integration.

That comparison helps explain why GridSeer appears most useful as an optimization

layer within a broader institutional energy-management strategy, rather than as a stan-

dalone carbon-management solution. In other words, the Results chapters together suggest

that GridSeer contributes a strong forecasting and scheduling capability, but that its emis-

sions value depends on how that capability is embedded within decision rules, data systems,

and complementary flexibility assets (Pantoš and Lukas, 2025b, McBeath, 2023).

Several alternative explanations should also be considered:
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• First, part of the observed seasonal pattern may reflect the study window itself. The

analysis covers ten months rather than a full year, and the strongest positive results

occur in summer, when chilled-water operations and storage flexibility are likely to

matter most. A full calendar year or multiyear analysis could change the magnitude of

the effect and might alter the observed balance between positive and negative months.

A related explanation may be the role of Duke Energy’s pumped-storage hydro re-

sources during summer peak-demand hours. An additional project note reviewed

for this study suggests that emissions were often lower during high-demand summer

evening hours, approximately from 6 p.m. to 9 p.m., which may reflect dispatch

from pumped-storage hydro facilities such as Bad Creek and Jocassee (Duke Energy,

2025). This interpretation remains tentative, but it is consistent with the broader

finding that emissions outcomes depend on actual dispatch patterns rather than on

demand level alone (Siler-Evans et al., 2012).

Because these resources operate as large-scale storage and are typically used dur-

ing peak periods, their dispatch could help explain why some high-demand summer

intervals did not correspond to higher emissions.

• Second, the measured avoided-emissions results depend on the use of WattTime

MOER and on the chosen resampling conventions. Different MOER sources or ag-

gregation choices might change the exact totals, although they would not necessarily

overturn the broader finding that timing-based carbon benefits were limited under a

cost-only objective (Siler-Evans et al., 2012, Sukprasert et al., 2024).

• Third, the analysis uses whole-campus electricity demand data, but the feasible in-

tervention is limited to chilled-water and thermal storage operations. As a result, the

findings reflect the impact of optimization within this specific subsystem rather than

across the full set of campus loads. This limitation cautions against overgeneralizing

the numerical results while leaving the main interpretation intact.

The practical relevance of the findings is straightforward. For Duke University, the re-

sults suggest that GridSeer is best understood as a promising but partial tool for near-term
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Scope 2 management. It can produce measurable avoided emissions under realistic operat-

ing conditions, but the current evidence shows that cost-based optimization alone does not

optimize for emissions, because emissions were not included in the objective function.

From a decision-making perspective, this means that the most promising next step is not

simply broader deployment of cost-based load shifting, but modification of the optimization

objective to incorporate emissions alongside cost, reflecting the need to align decision-

making with both cost and carbon outcomes. The literature-supported recommendations

in Phase 3 therefore follow logically from the Results: test carbon-inclusive optimization,

evaluate targeted additional thermal storage, expand demand flexibility, and strengthen

controllable-load visibility and energy-management integration (Sukprasert et al., 2024,

Arteconi et al., 2012, Pantoš and Lukas, 2025b, McBeath, 2023).

This study also has several important limitations:

• The analysis uses system-wide electricity data, including Duke Health System loads,

whereas OCS Scope 2 reporting applies a narrower institutional boundary. This limits

direct comparability between the absolute totals reported here and OCS-reported

Scope 2 values.

• The analysis period is limited to May 2024–February 2025.

• The optimization scope is limited to chilled-water operations and thermal storage

rather than the full campus electric system.

• Avoided emissions are reported on a MOER basis using WattTime as the reference

source.

These limitations do not invalidate the findings, but they do narrow the claims that can be

made. The results should be interpreted as evidence of bounded near-term potential under

the specific institutional, temporal, and methodological conditions examined here.
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6. Conclusion

This Master’s Project finds that GridSeer has credible near-term value for Duke Uni-

versity’s Scope 2 management, but that this value is real yet bounded under a cost-only

optimization framework that was not designed to explicitly optimize emissions outcomes.

In the base storage scenario, the feasible intervention reduced electricity use by 4.95

GWh and produced approximately 3,350 t CO2 of net avoided emissions over the May

2024–February 2025 study period. However, the carbon benefit was not uniform across

time, and most of the avoided emissions resulted from lower total electricity use rather than

from timing-based load shifting. The results therefore indicate that GridSeer can support

emissions reduction under a cost-minimizing framework, but that cost minimization alone

optimizes economic outcomes, while stronger carbon outcomes would require emissions to

be explicitly included in the optimization objective.

The project also shows that the temporal carbon effect of load shifting depends on the

relationship between electricity prices and marginal emissions, which explains why a cost-

minimizing strategy does not necessarily produce the strongest carbon result. In Duke’s con-

text, high-price periods did not consistently align with high-MOER periods, which means

that reducing cost and reducing carbon are not always the same operational decision. This

is a central finding of the project because it explains why the timing contribution to avoided

emissions remained modest even when overall results were positive.

The comparative assessment further suggests that GridSeer’s main strength lies in pre-

dictive and risk-aware optimization based on stochastic models, rather than in comprehen-

sive carbon-accounting infrastructure or broad facility-management integration. For that

reason, GridSeer appears most valuable not as a standalone carbon-management solution,

but as an optimization layer within a broader campus energy-management strategy.

The literature reviewed in Phase 3 supports this interpretation and points to four prac-

tical next steps: testing carbon-inclusive optimization, conducting a financial feasibility
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assessment of targeted thermal storage expansion (e.g., IRR, NPV, payback), expand-

ing demand response and demand flexibility, and strengthening controllable-load visibility

through improved campus energy-management integration.

Taken together, the project answers the three research questions in a consistent way:

• First, GridSeer can produce measurable avoided Scope 2 emissions at Duke under

realistic operating conditions.

• Second, compared with other platforms, its distinctive contribution is advanced pre-

dictive and optimization capability.

• Third, GridSeer’s near-term carbon value is likely to increase when it is combined

with measures that either incorporate emissions into the optimization objective or

expand the flexible resources available for control.

The overall conclusion is therefore that GridSeer is a promising tool for Duke Univer-

sity’s next stage of institutional energy management, but its strongest contribution will

come from being integrated into a broader, carbon-aware flexibility strategy rather than

being used only as a cost-optimization tool.

43



Appendix A. Supplementary Duke Energy 2022 Grid Back-
ground

Appendix A provides supplementary background figures on Duke Energy’s 2022 grid

conditions to support interpretation of the main analysis. These figures are not part of the

core results for the GridSeer scenarios, but they offer contextual information on annual and

monthly electricity generation patterns, fuel mix composition, and the temporal relationship

between electricity load and associated CO2 emissions. Together, they help illustrate the

broader operating characteristics of the Duke Energy system that inform the distinction

between average and time-varying carbon signals discussed in the report.

FIGURE A.1: Annual Duke Energy 2022 electricity generation profile showing real and
ideal total MW and the share of total real electricity generation by major fuel categories.
The figure provides a high-level overview of system-wide generation structure and the
relative contribution of coal- and natural-gas-based resources.
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FIGURE A.2: Annual Duke Energy 2022 CO2 profile showing the distribution of total real
CO2 emissions across major fuel categories. The figure highlights the disproportionate
contribution of coal-based generation to total emissions relative to its share of electricity
generation.

FIGURE A.3: Average hourly real MW and associated CO2 emissions across the day in
Duke Energy during 2022. The figure illustrates the temporal relationship between elec-
tricity load and emissions intensity and shows how both vary over a typical daily cycle.

FIGURE A.5: Monthly average CO2 emissions by fuel category in Duke Energy during
2022, with average real MW shown as a secondary trend. The figure illustrates how emis-
sions change across months and how coal-heavy generation contributes substantially to
total CO2 output.
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FIGURE A.4: Monthly average real electricity generation by fuel category in Duke Energy
during 2022. The figure shows seasonal variation in generation patterns and the continu-
ing role of coal and natural gas in meeting system demand.

Taken together, these supplementary figures show that Duke Energy’s 2022 grid pro-

file remained strongly shaped by fossil generation, particularly coal and natural gas, and

that both electricity production and associated emissions varied across hourly and monthly

timescales. This background supports the report’s use of temporally sensitive carbon signals

when evaluating operational carbon outcomes.
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Appendix B. Supplementary Carbon Signal and Scenario
Results

Appendix B provides supplementary figures that support interpretation of the GridSeer

scenario results discussed in Chapter 4. These figures are included to provide additional

diagnostic detail on the relationship between electricity price and marginal emissions, as

well as the temporal distribution of avoided carbon outcomes under the GridSeer + 2xStor-

age scenario. While not essential to the main narrative, they strengthen transparency by

illustrating how carbon performance varied across time and why cost-minimizing operation

did not always produce the lowest-emissions outcome.

FIGURE B.1: Relationship between electricity price and marginal operating emissions
rate (MOER) across the study period. The figure illustrates that higher-price periods did
not consistently correspond to higher marginal emissions periods, supporting the con-
clusion that cost-minimizing dispatch does not necessarily produce carbon-minimizing
outcomes.
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FIGURE B.2: Heatmap of GridSeer + 2xStorage operational results across the study pe-
riod. The figure highlights temporal variation in modeled system behavior and provides
additional detail on when the optimization generated stronger or weaker operational ef-
fects.

FIGURE B.3: Time-series view of avoided CO2 under the GridSeer + 2xStorage scenario.
The figure provides additional detail on interval-level and cumulative carbon outcomes,
showing that positive net avoided emissions were achieved overall despite substantial
variation across the study period.

Taken together, these supplementary figures reinforce the main conclusion that Grid-

Seer’s carbon benefit was positive but uneven over time, and that cost-minimizing operation

did not consistently align with periods of lower marginal emissions.
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Appendix C. Summary Matrix of Compared Energy Man-
agement Technologies

Criterion EnergyCAP GridSeer Radix
Primary institu-
tional role

Portfolio-wide utility
and sustainability data
management; strongest
in administrative over-
sight, bill validation,
benchmarking, and
reporting.

System-level optimiza-
tion under uncertainty;
strongest in renewable
integration, storage
scheduling, and grid-
risk management.

Asset-level operational
optimization; strongest
in complex plant opera-
tions, CHP systems, mi-
crogrids, and physical
infrastructure visibility.

Load optimiza-
tion approach

Supports user-led load
management through
anomaly detection,
interval-data visibility,
and baseline compari-
son; not a direct control
system.

Uses probabilistic fore-
casting and risk-aware
scheduling to optimize
dispatch and storage
decisions under uncer-
tainty.

Uses simulation-driven
operational analytics
and digital twins to
improve plant config-
urations and real-time
operational efficiency.

Emissions rele-
vance

Strongest documented
capability in carbon
accounting and ESG-
aligned reporting across
Scope 1, 2, and 3; direct
emissions reduction
remains indirect.

Provides indirect de-
carbonization support
through renewable
integration, storage
utilization, and grid
stability; limited direct
emissions-reporting
evidence.

Shows potential emis-
sions relevance through
operational efficiency
and protocol-aligned
carbon-savings estima-
tion; direct quantified
emissions evidence is
more limited.

AI / analytical
sophistication

Trend- and baseline-
oriented analytics fo-
cused on normalization,
anomaly detection, and
historical performance
tracking.

Highest sophistication
in uncertainty-aware
analytics, scenario fore-
casting, and stochastic
optimization.

Simulation-driven
operational analytics
using engineering mod-
els, digital twins, and
autonomous process
optimization.

Best-fit institu-
tional use case

Best for universities
or large organizations
needing centralized
oversight of bills, utility
data, benchmarking,
and sustainability re-
porting across many
buildings.

Best for institutions
managing renewable
variability, storage
assets, or high-risk
system-level energy
decisions.

Best for campuses or fa-
cilities with CHP, mi-
crogrids, or technically
complex plant opera-
tions requiring opera-
tional optimization.
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