
 
 
 

  

AI for Climate: Quantifying the 
Energy & Carbon Impact of  Build-
ing Optimization   

Executive summary  
Buildings must significantly improve energy efficiency to remain aligned with 
climate targets. This paper evaluates whether AI -enabled HVAC optimization 
can help close that gap and whether the resulting emissions reductions 
outweigh the environmental impac ts associated with operating the AI 
systems themselves.  
 
The study  compare s  models of edge -based and cloud -hosted AI 
architectures deployed on top of IoT -enabled building management systems 
(BMS)  in mid -sized  office s  deployed in  Australia, the US, and India . These 
HVAC optimization systems rely on lightweight machine -learning inference 
workloads  within the AI layer . 
 
Relative to a baseline BMS system , AI -enabled HVAC optimization delivered 
energy -demand and emissions reductions of 9 - 21%,  helping close the gap 
toward 2030 building -efficiency targets. Across the scenarios evaluated , 
first-order impacts associated with operating the AI solutions represented 
less than 1% of the emissions reductions  from improved HVAC performance , 
indicating that the climate value of AI in this application is driven primarily by 
the building -performance improvements it delivers.  
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1. AI can improve performance beyond established  building management  
best practices.  Adding an efficient  AI layer on top of existing B uilding Man-
agement S ystems (BMS)  technology best -practices more tha n doubled the 
energy savings  and  reduced carbon impacts by up to 21%  compared to a 
BMS configured using established energy -efficiency practices  in the mod-
eled pilot scenarios . B y integrating data from more systems and automating 
optimization , AI  deliver ed  energy reductions approaching those needed to 
meet  2030 building -efficiency  targets . 
 

2. Emissions avoided through AI -enabled Heating, Ventilation, and Air Con-
ditioning  (HVAC ) controls substantially exceeded the emissions from oper-
ating the AI system . The  emissions associated with operating the AI solution , 
including allocated data -center energy use,  represented less than 1% of the 
resulting emission s  reductions  achieved through energy savings  in the mod-
eled building . 

 

3. Cloud and edge deployments can both satisfy the conditions for environ-
mentally frugal AI, but not every AI architecture is equally appropriate for 
every building. While cloud deployments generally achieved greater average 
energy savings, edge deployments delivered meaningful  climate benefits in 
building s with less complex operational requirements.  Architecture selection 
should consider the building and application requirements  beyond energy 
savings , including performance, latency, reliability, cost, and operational 
complexity.  

 
4. AI technologies should  be designed to use  only  the minimum computa-

tional power required to solve the problem. Meaningful climate benefits can 
often be achieved by matching lighter -weight  AI approach es  to the opera-
tional problem being solved rather than assuming the most computationally 
intensive solution is always the optimal choice.  

 
5. Future research can extend the analysis to broader system -level effects . 

This study focused on first -order impacts associated with operating AI sys-
tems and second -order impacts enabled through improved building perfor-
mance. Future research should examine higher -order effects, including 
changes in occupant behavior, building ut ilization patterns, organizational 
decision -making, market dynamics, and rebound or induction effects that 
may emerge as AI -enabled building optimization is deployed at scale.  

 

 
 

 

 
 
 
 
  

Key takeaways 
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The building sector  account s  for roughly 37 % of global CO2 emissions  and 26% of 
energy -related greenhouse gas (carbon) emissions 1; a chieving international climate 
targets will require substantial reductions in building operational energy demand . 
The sector has made progress, with building  energy intensity improving  by approxi-
mately  6% since 2015 . However, this rate of improvement remains  well below the 
pace required to  align with t he International Energy Agency's  Net Zero Emissions 
scenario , which  estimates that average  building energy intensity must improve  by 
roughly an additional  20 % by 2030 2 and building emissions must be reduced by 
40% by 2050 ,3 underscoring the gap between  current progress and  required cli-
mate pathways.  While long -term decarbonization will rely on building electrification 
and equipment retrofits, meaningful near -term emissions reductions will also  de-
pend on improving the operational efficiency of existing buildings.  
 

 

 
Source:  United Nations Environment Programme (2026) “Global Status Report for 
Buildings  and Construction: Building Fast, Falling Short .” https://www.unep.org/re-
sources/report/global -status -report -buildings -and -construction -2025 -2026    
 
A significant share of this opportunity lies in the heating, ventilation, and air condi-
tioning (HVAC) systems  of buildings , which account for nearly 40%  of total building 
energy use 4. Many  net-zero pathways call for an approximately 20% reduction in 
energy  by 2030  by removing wasted energy in space and water heating , with fur-
ther targets to achieve a 70% overall energy reduction by 2050. 5 
 
Many  HVAC systems consume more energy than necessary  because building con-
ditions , occupancy patterns, equipment performance, and operating requirements 
change over time, while control strategies often remain relatively static . 

 
1 International Energy Agency (2023) “Tracking buildings. Energy consumption .” https://www.iea.org/en-

ergy -system/buildings  

2 International Energy Agency. (202 3). “Breakthrough Agenda Report 2023  - Buildings .” 
https://www.iea.org/reports/breakthrough -agenda -report -2023/buildings  

3 Inernational Energy Agency ( 2021). “ Net Zero by 2050: A Roadmap for the Global Energy Sector ,” 
https://iea.blob.core.windows.net/assets/deebef5d -0c34 -4539 -9d0c -10b13d840027/NetZeroby2050 -
ARoadmapfortheGlobalEnergySector_CORR.pdf . 

4 Schneider Electric. ( 2024 ). Global optimization: Decarbonize the office  (White Paper). 
https://www.se.com/us/en/download/document/WP_Global -Optimization/  

5 International Energy Agency ( 2022 ) “The Value of Urgent Action on Energy Efficiency,” 
https://www.iea.org/reports/the -value -of-urgent -action -on-energy -efficiency/highlights  

Introduction / 
Problem 

Figure  1 

Buildings operational 
emissions  from 2015 -
2024 , with projected per-
formance in business -
as -usual scenario com-
pared to climate targets .   

https://www.unep.org/resources/report/global-status-report-buildings-and-construction-2025-2026
https://www.unep.org/resources/report/global-status-report-buildings-and-construction-2025-2026
https://www.iea.org/reports/breakthrough-agenda-report-2023/buildings
https://www.se.com/us/en/download/document/WP_Global-Optimization/
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Conventional building controls contribute to this challenge because buildings have 
historically  operated largely as passive energy consumers, often resulting in avoid-
able energy waste, limited responsiveness to changing co nditions, and suboptimal 
indoor environments 6. 
 
As buildings become increasingly electrified , connected, and software -defined, 
these inefficiencies represent a significant opportunity for improvement.  Smart 
building technologies have significantly expanded the sensing, data, and control 
capabilities available to building operators. Enabled by Internet of Things (IoT) 
technologies, modern building management systems can now incorporate networks 
of sensor s, communications infrastructure, and digital controls that are easier to de-
ploy, configure, and reconfigure as building needs evolve.  
 
Previous Schneider Electric 7 studies  quantified  the energy efficiency improvements 
possible from upgrading  traditional building controls to digitized smart BMS . In the 
designs  evaluated , daylight and building occupancy sensors communicated with 
the BMS to reduce HVAC and lighting demand  in unoccupied spaces  and in 
spaces with adequ ate  daylight . These improvements a chiev ed  energy reductions of 
10.5 -12.7% . However, these improvements alone remain insufficient to fully close 
the gap  to meet the targeted 20% energy reduction . 
 
While these systems improve visibility and control, translating growing volumes of 
operational data into effective operational decisions  remains a n ongoing  challenge . 
In many cases, building operators  struggle to translate expanding volumes of oper-
ational data into building -scale optimization decisions. Data is often fragmented 
across HVAC zones and building systems, limiting visibility into interactions occur-
ring across the building as a whole. As a r esult, extracting actionable information 
from the data  frequently requires additional analysis tools, in -depth audits, or spe-
cialized expertise 8. 
 
 

Control limitations in small and mid-sized buildings  

These challenges are particularly acute in small and mid -sized buildings, where 
building automation capabilities often  lack the sensing, data, and control capabili-
ties needed to continuously optimize HVAC performance. In  retail stores, schools, 
smaller offices, and outpatient clinics, simplified control systems such as wall -
mounted thermostats cannot simultaneously account for real -time occupancy, 
weather conditions, equipment performance, and the complex thermodynamic in-
teractions occurring across a building.  
 
Historically, overcoming these limitations required expensive building automation 
systems and specialized expertise that were often difficult to justify in smaller facili-
ties. Currently , the effectiveness of many existing  systems often depends on facility 
managers' ability to operationalize signals and recommendations from increasingly 
digitalized building infrastructure, including HVAC equipment, sensors, communi-
cations gateways, and building energy management platforms.   
 

Adding Intelligence to Smart Building Data 

 
6 International Energy Agency. (2025). Energy and AI  report. https://iea.blob.core.windows.net/as-

sets/de9dea13 -b07d -42c5 -a398 -d1b3ae17d866/EnergyandAI.pdf  

7 For more details on these improvements or other solutions for improving office building performance 
beyond the building controls system, see Schneider Electric’s Decarbonize the Office series.  

8 D. Minoli, K. Sohraby and B. Occhiogrosso, "IoT Considerations, Requirements, and Architectures for 
Smart Buildings —Energy Optimization and Next -Generation Building Management Systems," in  IEEE 
Internet of Things Journal , vol. 4, no. 1, pp. 269 -283, Feb. 2017, doi: 10.1109/JIOT.2017.2647881.  
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Recent advances in artificial intelligence (AI), however, have the potential to expand 
sophisticated optimization capabilities to a much broader range of buildings.  AI -en-
abled HVAC control builds  on, rather than replaces, connected  building infrastruc-
ture, enabl ing  an evolved building energy management system to process and con-
textualize data from a much broader range of sources than conventional controls , 
continuously adapting to changing occupancy, weather, equipment performance, 
and other operating conditions.  This creates opportunities for integration of data 
streams that previously were not integrated. Rather than simply generating data , AI  
can recommend or automate optimization decisions, making efficiency gains a con-
tinuous process.  
 
AI applications in buildings span design and construction, operational optimization, 
predictive maintenance, and demand flexibility services 3. Given the significant role 
of heating and cooling in overall building energy demand, HVAC optimization repre-
sents one of the most significant  near -term opportunities for building energy and 
emissions reductions.  
 
Compared with  traditional control systems that rely primarily on predefined sched-
ules and rules , AI -enabled controls can learn patterns in building behavior over time 
and adjust  HVAC operation using both internal building data and external inputs  
such as weather forecasts, utility tariffs, and grid conditions 3 Depending on the ap-
plication, AI can also be combined with traditional physics -based and math ematical 
models to create hybrid solutions predicting building performance under changing 
operating conditions. In addition to reducing energy demand, AI -enabled controls 
can support demand flexibility by shifting electricity use in response to real -time 
grid conditions. AI may also provide value through predictive maintenance and fault 
detection, improving equipmen t performance and reducing operational inefficien-
cies over time.  
 
At scale, t he potential impact could be  substantial . The IEA estimates that , based 
on current digitalization trends,  widespread use  of AI -led  building controls could re-
duce global electricity demand by more than 300 TWh by 2035, equivalent to ap-
proximately 5% of the total  electricity consumption for heating and cooling 3.  
 

Assessing AI’s Net Impacts 

While these benefits are compelling, the climate impact  of an AI application cannot 
be evaluated solely by  the energy savings it enables. A complete assessment  must 
account for the emissions attributable to  developing, deploying , and operating the 
solution , the net impacts enabled through its application, and broader system -level 
effects that may emerge over time.  AI's environmental effects  can be understood 
through three categories 9, as shown in Figure 2  and defined below:  
 

• First -order impacts capture the direct environmental consequences of de-
veloping, deploying, and operating AI systems, including electricity con-
sumption, associated emissions, water use, and other resource require-
ments.  
 

• Second -order impacts capture the indirect effects enabled through the ap-
plication of AI, which may have  positive or negative  environmental effects . 
In building operations, these positive impacts may include reduced energy 
consumption, improved demand flexibility, predictive maintenance, 

 
9 European Green Digital Coalition. (2024). Net carbon impact assessment methodology for ICT solu-

tions. European Green Digital Coalition. https://www.greendigitalcoalition.eu/assets/up-
loads/2024/04/EGDC -Net -Carbon -Impact -Assessment -Methodology -for-ICT -Soluti ons.pdf  
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equipment optimization, and enhanced occupant comfort.  
 

• Higher -order impacts capture broader system -level responses that emerge 
over time as a result of AI deployment, including behavioral changes, or-
ganizational responses, market dynamics, grid interactions, productivity ef-
fects, and rebound or induction effects that may amplify or reduce realized 
emissions reductions.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Although this framework can encompass energy, water, emissions, materials , and 
other environmental  effects , this study applies it specifically to greenhouse gas 
(carbon) emissions.  Because many second -order and higher -order effects  are 
highly context -dependent and difficult to quantify reliably, this analysis focuses on 
second -order emissions reductions from improved building performance and the 
minimal first-order impacts of operating the AI solution.   
 
 
This paper evaluates the potential for AI -enabled HVAC controls  in mid -sized com-
mercial buildings  using modeled building performance. It  uses energy modeling to  
compare edge -based and cloud -hosted architectures and quantifies their energy, 
added embodied emissions, and operational emissions relative to an IoT -enabled 
BMS system and a baseline BMS system without IoT capabilities.  
 
Using the Frugal AI criteria ,10 we compare the first -order impacts and second -order 
emissions reductions associated with each system architecture , whether the net of 

 
10 Lala Bouali, Yassamine and Ben Ahmed, Olfa and Bradai, Abbas and Mazouzi, Smaine  (2024)  “Frugal 

AI: The New Era of Sustainable Deep Learning .” http://dx.doi.org/10.2139/ssrn.5334656  

Testing and 
results 

Figure  2 

This paper investigates the relationship between the first -order (direct) effects of AI optimization algorithms for HVAC effi-
ciency with the second -order effects at the building scale.  
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these produces a positive benefit , and examine how architecture  s election  influ-
ence s  that outcome.  
 
To quantify the  second -order  impacts of each solution on building operational per-
formance, this study compares energy models  of a typical office building with three 
high -performance BMS scenarios , as shown in Table 1 : (1) a digitized, IoT -enabled 
BMS , referred to as a “ s mart” BMS ; (2) the smart BMS with  edge -based AI  control, 
and (3) the smart  BMS with a cloud -hosted AI layer . Together with the traditional  
BMS baseline without IoT capabilities, four building configurations are evaluated.  
 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

The four configurations  were evaluated in three locations with similar climate zone s : 
Brisbane ( Australia ), Miami  (United States),  and Mumbai  (India) . Holding the cli-
mate zone constant highlights  the sensitivity of the results to interactions between 
site, grid emissions intensity, and data center location while reducing the impact of 
variation of heating and cooling degree days  (see Appendi ces A, B, and C  for more 
details on the study configuration , prototype building, and grid emissions intensity 
factors ). 
 
Modeling of the AI layer performance in both cases relied on a combination of ap-
plication of the algorithm rules within the energy model and iteratively tuning the re-
sults to match early pilot deployment of the respective AI controls . Further details 
on these deployments are  given in Appendi ces B and C .  
 

Can AI Close the Efficiency Gap? 
 

The  modeled  results suggest that AI can unlock additional efficiency gains beyond 
the savings achieved by the  smart BMS . The cloud -hosted AI configuration pro-
duced the greatest savings in each location, reducing annual whole building energy 
use by 2 1.7 – 22.4% relative to the traditional BMS baseline. This is a significant im-
provement  from the smart BMS savings of  approximately 9.3 – 11.8 %. This is also a 
level of savings that closes the majority of the gap toward 2030 building -efficiency 
targets , with improvements of the AI -enabled controls to the smart controls called 
out in  Figure 4 .11 

 
11 Additional actions should be taken to meet the targets for 2050. The Impact Building Calculator  ex-

plores BMS and additional alternative energy and carbon conservation measures across climate zones 

and building types.  
 

Table 1 

Scenarios compared a traditional schedule -based BMS with a Smart BMS, edge -based AI control s, and cloud -
based AI controls   

 

 

 

          
     

                

          
        

            
          

           

    

                       
                   
                    

                     
                     
                     

    

          
        

            
         
     

    

          
        

               
                   
                  

                  

                                             

https://impact-building-calculator.se.com/dashboard
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The modeled energy savings also reduced operational emissions and electricity 
costs.  Table 2 presents the annual energy, emissions, and electricity cost savings 
for each AI -enabled configuration relative to the smart BMS and traditional BMS 
baseline.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure  4 

Energy demand reduction comparing whole building energy demand in each scenario to the baseline case  

Table 2  

Carbon emissions associated with the solutions in terms of whole building savings of site energy,  utility cost,  and  on-
site emissions compared to a traditional BMS system , and total net emissions  compared to a Smart BMS  
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The AI solutions significantly  increase energy efficiency when compared to the 
smart BMS . While there is some overlap between the performance of the two solu-
tions , largely  associated with variability in the building layout and HVAC zone de-
ployment , the cloud -hosted AI solution tends to outperform  the edge AI solution . On 
average, the cloud solution saves  203  MWh per year compared the edge solution’s  
169  MWh per year . Because the solutions evaluated in this study were developed 
independently and were not designed as a controlled comparison of optimization 
approaches, the analysis does not attempt to attribute the performance differences 
to specific technical factors. Fu ture research should examine the extent to which 
differences in deployment architectures , algorithms, available data, and control 
strategies contribute to observed performance outcomes.  
 
It is important to note that these results are  modeled  from the first year of real -world 
pilot deployments . Both solutions are expected to i mprove their performance in 
subsequent years  as the algorithm continues to optimize ; this improvement  is not 
captured  in this study. The two solutions can also be layered into a single controls 
system architecture, but insufficient data is available to predict the  nonlinear inter-
actions likely to  emerge in a typical deployment of a combined solution . Therefore , 
this third “combined” solution, while commercially available, is considered out of 
scope for this study .   

 
Assessing AI's first-order emissions  

To estimate  the first -order emissions associated with  AI -enabled HVAC control , we 
conducted a screening assessment with the Software Carbon Intensity (SCI) speci-
fication 12. The SCI method provides a holistic estimate of the environmental impacts 
associated with the AI solution, because it accounts for both operational emissions 
associated with software execution and embodied emissions attributable to sup-
porting hardware infra structure.  
 
Across all scenarios evaluated, the operational and allocated embodied emissions 
of the AI solution was  less than 1% of the second -order impacts associated with  the 
HVAC performance improvements , even when using methodologically conservative 
SCI -based estimates (See Appendix D ). Because these first -order impacts were 
not material relative to the resulting second -order emissions reductions, the carbon -
savings figures presented throughout this paper are reported as gross second -or-
der emissions reductions; their inclusion would not c hange the overall conclusions 
or reported results.  
 
The AI operational emissions were small  because the HVAC control application  pri-
marily relies on lightweight machine learning (ML) inference workloads executed 
periodically on standard CPUs or low -power edge devices , rather than computa-
tionally intensive generative AI workloads . Based on the processing frequency, exe-
cution time, and computing equipment assumed in the analysis, the resulting en-
ergy was very small relative to the energy consumed by the HVAC equipment itself. 
Viewing  this from whole -system operational perspective, a CPU (~150W) can con-
trol an entire  building’s energy consumption profile (~750 MWh  annually ). Embod-
ied emissions associated with sensors, gateways, communications equipment, and 
computing hardware were estimated using a ten -year amortization period (See Ap-
pendi ces  C and D ).  

 
12 Green Software Foundation. (n.d.). Software Carbon Intensity (SCI) specification. Green Software 

Foundation. https://sci.greensoftware.foundation/  
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Holistically accessing trade-offs 

The optimal architecture depends on the specific requirements and operating con-
ditions of each building and should be considered holistically. While cloud deploy-
ments generally achieved greater average energy savings in this study, both archi-
tectures delivered climate benefits that substantially exceeded their associated 
first-order impacts. The choice between cloud and edge AI is driven by  the specific 
tradeoffs each architecture presents across performance, cost, reliability, opera-
tional visibility, latency, and site -specific requirements. Examples include:  
 

• Cost Efficiency.  Edge AI reduces the need for extensive cloud storage and 
compute power, lowering operational costs, while Cloud AI reduces the 
need for extensive hardware installation on -site, leading to reduced installa-
tion costs. However, the difference in operational energy savings may offset 
the Cloud AI computation costs.  
 

• Reliability. Edge AI data can be operated and optimized independently of 
internet connectivity, making it a better solution in areas with poor or no 
connectivity or in building types where cloud -hosted data is undesirable.  
 

• Visibility.  Where facilities are not necessarily managed by an on -site expert, 
the Cloud AI solution is monitored remotely, giving greater visibility across a 
portfolio from a centralized location. Edge AI can be configured to report to 
a centralized cloud location, but  requires an additional software layer to en-
able this feature.  
 

• Speed of processing.  Edge AI is processed locally, making decisions with 
latency measured in seconds. Cloud AI requires data to be sent through the 
network, which can introduce latency of up to a few minutes when the net-
work is congested. In sensitive building types where con ditions change 
quickly, the Edge AI condition may be preferred.  
 

 

Implications of AI-enabled HVAC control  

The modeled  results demonstrate that AI -enabled HVAC control improves  building 
energy performance beyond the savings achieved by a smart BMS  alone . Across 
the scenarios evaluated in this study, AI -enabled HVAC control  substantially im-
proved building performance, with energy reductions approaching or exceeding  
the improvements associated with 2030 building -efficiency targets.  These findings 
are particularly relevant for small and mid -sized buildings, where advanced controls 
and specialized building operations expertise can be  difficult to deploy and main-
tain.  
 
Across all scenarios,  the cal culated  first-order emissions of the AI solution  repre-
sented less than 1% of the second -order emissions reductions enabled through im-
proved building HVAC performance. These findings suggest that, for HVAC optimi-
zation applications, the climate impact from deploying AI are  far less than  the bene-
fits from the persistent reductions in building energy demand that it delivers . 
 
More broadly, these findings highlight that not all AI applications have the same en-
vironmental profile. The AI  control  systems evaluated in this study rely primarily on 
lightweight machine -learning inference workloads, requiring modest computational 
resources while delivering substantial reductions in building energy demand. These 
findings  suggest that , through a Frugal AI lens,  meaningful climate benefits can 

Conclusions  
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often be achieved  by matching the right AI approach  to the operational problem be-
ing solved . 
 

Future research needs 

This study quantif ied select  first-order emissions  and second -order emissions re-
ductions  for one mid -sized office prototype across three warm, cooling -dominated 
locations  with validation against  a minimal number  of deployments  of the technol-
ogy in actual buildings . Future research should extend this analysis across a 
broader range of climate zones, building typologies, and operational conditions . It 
should also explore hybrid edge -cloud deployments, which may deliver benefits 
beyond those achieved by either architecture independently. Finally, it should ex-
amin e the higher -order effects  that may emerge as AI -enabled building control  is 
deployed at scale . 
 
Better understanding of the se whole -system effects  will be essential for assessing 
the long -term role of AI in building -sector decarbonization . 
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https://impact-building-calculator.se.com/dashboard
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Study design 

Three building -control scenarios were evaluated relative to a traditional building -
controls baseline 13: 

1.  Smart building (digitized IoT -enabled BMS without AI)  
2.  AI -enabled edge controls  
3.  Cloud -hosted AI controls  

 
To isolate differences related to deployment architecture, the analysis was con-
ducted using comparable building configurations in three locations : Brisbane  (Aus-
tralia ), Miami  (United States ), and Mumbai  (India ). Cooling -dominated locations 
were selected to reduce  variability associated with heating demand and allow a 
more consistent comparison of HVAC optimization performance across scenarios. 
At the same time, differences in grid emissions intensity and cloud -region location  
enabled assessment of how local conditions influence the results.  
 
The analysis quantifies:  

• Second -order impacts:  reductions in building energy demand and associ-
ated carbon emissions resulting from improved HVAC performance.  

• First -order impacts:  operational and embodied emissions associated with 
deploying and operating the AI solution.  
 

The assessment includes:  
• Edge computing hardware  
• Cloud computing resources  
• Room controllers  
• Sensors  
• Communications equipment  
• Power and cooling of the s upporting server infrastructure  

 
The assessment excludes:  

• Embodied emissions associated with the building structure and HVAC 
equipment (held constant across all scenarios)  

• Maintenance and renovation activities  
• System decommissioning  
• Higher -order impacts such as rebound effects, behavioral changes, market 

transformation, and other system -level responses  
 

  

 
13 The edge and cloud solutions were evaluated independently; potential interactions between the two 

approaches operating simultaneously within the same building were not assessed.  

APPENDIX A: 
Study Design 
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The analysis is based on a representative mid -sized commercial office building de-
rived from the Pacific Northwest National Laboratory (PNNL) Medium Office proto-
type. The three -story building has an approximate gross floor area of 5,000 m², a 
window -to-wall  ratio of 33%, and was modeled in OpenStudio using 2023 Actual 
Meteorological Year (AMY) weather files  downloaded from the NASA P.O.W.E.R. 
database 14. The office is assumed to operate on a typical weekday schedule, with 
normal office plug loads, appropriate lighting conditions for office work, and occu-
pied -zone temperatures maintained within a thermal comfort range of 21 -23°C.  
 
The reference building was based on the 2004 Pacific Northwest National Labora-
tory (PNNL) Medium Office prototype, 15 and  deployed in Brisbane, Miami, and 
Mumbai. Construction assemblies and HVAC systems were adapted to reflect re-
gional building practices while maintaining comparable building functionality 16. The 
following building conditions  were analyzed:  
 

• Traditional  Building : In the baseline (" traditional ") scenario, the building op-
erates using static schedule -based controls without daylight -responsive 
controls. Each floor is divided into five HVAC zones (Core, North, East, 
West, and South), resulting in fifteen total control zones.  
 

• Smart Building 17 : The smart building scenario incorporates IoT -enabled 
building management controls, occupancy sensing, and daylight -respon-
sive lighting controls. To better represent real -world building operation, oc-
cupancy schedules were generated using the Lawrence Berkel ey National 
Laboratory Occupancy Simulator 18 rather than deterministic schedules.  Pre-
vious Schneider Electric research demonstrated that these smart -building 
capabilities can deliver meaningful energy savings relative to traditional 
controls.  
 

• Edge AI -Enabled Building : The edge AI -enabled scenario build s  upon the 
smart -building foundation by introducing room -level HVAC zoning and AI -
driven optimization  with on-site hardware  and software . Energy -savings 
found in the modeled results are validated against field data from pilot deploy-
ments for the Room Controllers documented in  Leveraging AI -Optimization at 
the Edge for Optimal Comfort and Energy Efficiency . 
 

• Cloud  AI -Enabled Controls : The cloud AI -enabled scenario build s  upon the 
smart -building foundation by introducing room -level HVAC zoning and AI -
driven optimization  within the BMS DHO algorithm . Energy savings in this 
study were calculated using the expectation of the DHO optimization se-
quence  as a post -processing measure to the HVAC energy demand , with 
validation against field data from pilot deployments for  Schneider Electric’s 
EcoStruxure Activate Cloud  software. Full details from this field trial and the 
performance of the AI system are expected to be published in both peer re-
viewed journals and a Schneider Electric white paper later in 2026 and early 

 
14 NASA P.O.W.E.R. database  

15 https://www.pnnl.gov/main/publications/external/technical_reports/PNNL -32815.pdf  

16 In Brisbane and Miami, the reference building assumes steel -frame construction with code -compliant 
insulation and a precision air conditioning unit (PACU) coupled with a multizone variable -air -volume 
(VAV) gas furnace. In Mumbai, the reference building ass umes uninsulated CMU mass -wall construc-
tion and a representative all -electric HVAC system consistent with typical local practice.  

17 For the “smart” and AI prototypes, HVAC zones are subdivided to the room level. Instead of using 
schedule -based controls, use occupancy simulation to turn off systems and lighting. Full assumptions in 
this data set tied to occupancy -based temperature and lighting controls, daylighting -based lighting 
controls, duct pressure -sensor VAV controls, outdoor air -based temperature resets, and power improve-
ments associated with submetering in the “smart” building condition are detailed in the methodology for 
the Impact Building Calculator . 
18 https://occupancysimulator.lbl.gov/   

APPENDIX B: 
Building and 
control details 

https://download.se.com/files?p_enDocType=White+Paper&p_File_Name=WP_AI+Optimization+at+the+edge_23957900_GMA+rev.pdf&p_Doc_Ref=998-23957900_GMA
https://download.se.com/files?p_enDocType=White+Paper&p_File_Name=WP_AI+Optimization+at+the+edge_23957900_GMA+rev.pdf&p_Doc_Ref=998-23957900_GMA
https://www.earthdata.nasa.gov/data/projects/power
https://impact-building-calculator.se.com/dashboard
https://impact-building-calculator.se.com/dashboard
https://occupancysimulator.lbl.gov/
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2027.    
 

Because HVAC zoning design can materially affect achievable energy savings, AI re-
sults are presented as performance ranges rather than single -point estimates for both 
controls systems using AI 19. 
 
For reference, a comparison of energy demand reductions between a traditional and 
smart BMS system are identified by end use in Figure 3 . 
 

 

 
 
 

Sources of Uncertainty 

Building -scale energy performance is influenced by factors beyond HVAC optimiza-
tion, including plug -load density, occupancy patterns, and office layout. These 
sources of variability were not explicitly modeled in this study.  
 
Similarly, higher -order impacts resulting from changes in occupant behavior, opera-
tional practices, building utilization, or other responses to improved comfort and 
building performance were considered outside the study scope; this represents a 
substantial  agenda for future research.  
 
 
  

 
19 D eployment of IoT and AI hardware is strongly influenced by office layout, including the number of 
open and enclosed spaces, which influences the achievable HVAC zoning configuration. Variations in 
zoning design can have a significant impact on energy perfo rmance and contribute to the range of re-
sults reported in this study . 
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Embodied Carbon 

The representative system architecture described in Table C 1  represents the full 
scope of hardware required for the “AI at the Edge” solution. Adding together the 
sums in the Embodied Carbon column creates the full embodied carbon footprint 
associated with the solution.  
 

 
 
Table C 2  shows the sample on -premise s  system architecture used for the “AI in the 
Cloud” solution, while Table C 3  lists the server hardware required at the data cen-
ter. Combining the embodied carbon figures from Tables C 2  and C 3  creates the 
embodied carbon footprint for the “AI in the Cloud” solution.     
 

 

Reference Product  Quantity  
Embodied  
Carbon (kg  
CO 2e) 

Data Source  

Touchscreen Room 
Controller  

34 914.6  
Product Environmental 
Profile  

22-24 AWG strand 
twisted pair wire  

10 5 
https://climate-
cost.org/wiki/cables -ac-
cessories/  

 Total  919.6  kg CO 2e  

Reference Product  Quantity  
Embodied  
Carbon (kg  
CO 2e) 

Data Source  

Flex server  3 92.1  Product Environmental Profile  

RP -C -16B -F-230V  3 0.023921  Product Environmental Profile  

CO2+TRH sensor  15 44.5  Product Environmental Profile  

Daylight + Motion Sen-
sor  15 3.2  Product Environmental Profile  

PAS 600  3 174  Product Environmental Profile  

SE8000  0 18.1  Reuse existing (in baseline)  

AS -B  0 32.2  Reuse existing (in baseline)  

AS -P 0 87.4  Reuse existing (in baseline)  

Energy Meter iEM3000  0 34.5  Reuse existing (in baseline)  

Added 22 -24 AWG 
stranded twisted pair 
wire 1 0.5  

https://climatecost.org/wiki/ca-
bles -accessories/  

 Total  982.1 kg CO 2e  

Reference Product  Quantity  
Embodied Car-
bon (kg CO 2e)  

Data Source  

1 vCPU, 4GB  1 19.228  Hubblo Database  

AMMS  1 13.2  Boavizta Database  

Total  32.43  kg CO 2e  

Appendix C: 
Embodied 
Carbon 

Table  C 1 

Embodied carbon calcula-
tions for the “AI at the 
Edge” solution  
 

Table  C 2 

Embodied carbon calcula-
tions for the on -premise 
hardware in the “AI in the 
Cloud” solution  
 

Table  C 3 

Embodied carbon calcula-
tions for server hardware 
located at the data center 
and used by the “AI in the 
Cloud” solution  

https://download.se.com/files?p_enDocType=Environmental+Disclosure&p_File_Name=PEP+ecopassport+SCHN-01108-V01.01-EN_1.pdf&p_Doc_Ref=ENVPEP2310032EN
https://download.se.com/files?p_enDocType=Environmental+Disclosure&p_File_Name=PEP+ecopassport+SCHN-01108-V01.01-EN_1.pdf&p_Doc_Ref=ENVPEP2310032EN
https://climatecost.org/wiki/cables-accessories/
https://climatecost.org/wiki/cables-accessories/
https://climatecost.org/wiki/cables-accessories/
https://download.se.com/files?p_enDocType=Environmental+Disclosure&p_File_Name=PEP+ecopassport+SCHN-01276-V01.01-EN.pdf&p_Doc_Ref=ENVPEP2409013EN
https://www.se.com/rempdfbucket-prd/pdf/se/pds/US/en/Schneider%20Electric_Connected-Room-Solution_SXWRCF16B10002.pdf?response-content-disposition=inline%3Bfilename%2A%3DUTF-8%27%27PES_Schneider%2520Electric_Connected-Room-Solution_SXWRCF16B10002.pdf&AWSAccessKeyId=ASIASDDQ2UUVSBK75ZCC&Signature=10IGvG6MzwF4kVac7HPOa8%2FIkCo%3D&x-amz-security-token=IQoJb3JpZ2luX2VjEJn%2F%2F%2F%2F%2F%2F%2F%2F%2F%2FwEaCXVzLWVhc3QtMSJIMEYCIQCq37wm%2F%2FWdof%2FTO2n8KWbkoOME6l629clYz7hh5JrSRAIhAL3JZNwyUMlZv%2BotPn2VHygMUvUT4Eaj4nivbZFlFyGYKvgDCGIQABoMMTQ0MTE4MDMxNjU5IgxxdDi2jG5xVpqgqR8q1QMAZfYNOwdcs2Z4y840SXl9e0FFSs7QiPoHY8XMv2mjHbPFIaWlzIeFr96LWv577iyO65nvaU028dFuknqBJKU5suvQBPRYw8D3KOVIh100XmD4a9KZJcIa6WoHdvrmUMjVsayL8wToEaq4EixarV4UHeDh%2BQ1Cou%2Bt2ojh6WTWFdjqsE%2B3m86MsSMNK9Gkaf%2FEP%2FSbAECrR52BnCvPpnYf%2FP%2FPw9kR6jXZYUcMDtokOHjh%2FRBu6xI5HWj0vRx8OwNbJBGvUPw2OReJxMzJVCNF1eA9e5o2hcZ2RO7Nj5yGEoII7g%2BtD71a8rj%2Fhj9ApOXMQaDB5jMKJVBHgVwY036L5IZLfzQFuSUxeu7UNABCcaV0vAG%2BCifchBDEbo5EVl8wwZTMZrmOyxRRBRR%2B1hXzAzgp5MO1qpGLyLsVECUPx%2BD6uCVjku8lcM3%2FgTtr%2BZFLcCZGI7ezBHq%2FFbFiLIu1vDA99ORIK7GjsvVnr78VCXr54Gw9Ha%2B0ffIzRd%2B%2FBNUorjGr3w7%2BXbLB%2BHJKh2bFDkZwp%2FPSicJuMv0qDj3LamRgJeUhanntaRWBBLPhCX38Sj8eAyOgUyY9EDpq0oKdBo5P2%2B5PD7hwSijCt0Xl9Qt%2B4NNBMKe46dIGOqABzCZpvfF9dJLtacKpaJabdp%2FHugJGKimedaMne1exCuxkeCnzGtu3I6wm6cYQ6hhdi%2FFSG4doozGk%2FL7ZPYSAW7hzekPqZhEPiLlGDPGzJyBIC2j91luzXUTwCAwe0Y8i7L103SvG7kMM2VP1h7mtDapntZ4VLiwBrCWKQM%2Bb%2FNPv%2FntgMLby%2FExFDLH34u%2FTBmR4LEbPKRwJlqYvspruLA%3D%3D&Expires=1784344106
https://download.se.com/files?p_enDocType=Environmental+Disclosure&p_File_Name=PEP+ecopassport+SCHN-01108-V01.01-EN_1.pdf&p_Doc_Ref=ENVPEP2310032EN
https://download.se.com/files?p_enDocType=Environmental+Disclosure&p_File_Name=PEP+ecopassport+SCHN-01348-V01.01-EN.pdf&p_Doc_Ref=ENVPEP2412024EN
https://download.se.com/files?p_enDocType=Environmental+Disclosure&p_File_Name=SCHN-00596-V02.01-EN_ENVPEP2008001_V3.pdf&p_Doc_Ref=ENVPEP2008001EN
https://climatecost.org/wiki/cables-accessories/
https://climatecost.org/wiki/cables-accessories/
https://data.hubblo.org/gpu
https://dataviz.boavizta.org/cloudimpact


Schneider Electric - White Paper 521    Version 1                                                                                                18 

 

First-order impacts were estimated using the Software Carbon Intensity (SCI) meth-
odology developed by the Green Software Foundation. SCI calculations include 
both operational emissions associated with electricity consumption during AI opera-
tion and embodied emi ssions allocated to computing, sensing, networking, and 
control hardware.  
 
Operational emissions were calculated using location -specific electricity carbon in-
tensity factors for both building sites and cloud -hosting locations. Embodied emis-
sions were estimated using product -specific environmental product declarations 
and other re cognized industry -average sources where necessary as shown in Table 
C3  and were amortized over a ten -year expected service life.  
 
To avoid understating first -order impacts, deployments were modeled using a con-
servative allocation of server capacity substantially larger than the measured com-
pute demand of the HVAC optimization workload.  Consequently, the results pre-
sented here should be interpreted as approximate upper -bound estimates rather 
than expected impacts in a shared -production environment.  
 
 

20 
 
*Note: SCI estimates include both operational and embodied emissions as defined by 
the Software Carbon Intensity specification. Functional unit (SCI’s ‘R’) is per-building, 
annually. Operational emissions were calculated using location-specific grid emission 
factors as defined below; deployments were modeled using conservative server-capac-
ity allocation assumptions that substantially exceeded the measured compute demand 
of the HVAC optimization workload (measured demand was on the order of only a few 
watts). Embodied emissions were amortized over a ten-year service life. Building en-
ergy baseline was 750MW. 
 
 

 
20 For insights on reducing the environmental impacts of data centers, please see  white papers  240 , 

169 , 180 , and  106  by the Schneider Electric Data Center Science Center.  

                     

                                                  

                                                  
             

                                           

                                                           

                                                               
             

                                                     
                    

Table  D1  

First -order impacts of 
edge and cloud ai (upper -
bound estimate)  

Appendix D: 
First-order 
impact  
assessment 

https://www.se.com/ww/en/download/document/SPD_WP240_EN/
https://www.se.com/ww/en/download/document/SPD_WP169_EN/
https://www.se.com/ww/en/download/document/SPD_WP180_EN/
https://www.se.com/us/en/download/document/AI-Driven-Data-Center-Report/
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Table D2  

Energy grid carbon 
emissions intensity at 
building site and associ-
ated data center loca-
tions  


