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The Climate Challenge

Industrial Electrification Requires Granular Energy Insights

The Urgency
* Electricity’s share of total energy must rise from 20% to 27% by 2030 for NetZero [1]
» Example: 800MW electrolyzer delayed due to grid stability concerns [2]

» Hourly forecasts needed for carbon accounting, demand response, and renewable integration

The Data Gap
» Most facilities only have monthly utility invoices
« Smart meter installation requires expensive outages, permitting, and coordination

» Without hourly data, sustainability planning is severely limited
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Our Approach

Invoices Are All You Need"” - A 3-Step ML Framework

Step 1: Monthly Forecasting: ML models
predict 1-3 months ahead [Monthly Invoices(All sites)]

|

Step 1 [ML Models Y, j, = f(Xt—S:t)]

Step 2: Pattern Learning: Bayesian model
learns hourly distributions from training
sites !

[Hourly Data(Subset of sites)]

!

[Bayesian Model ¢, ~ Dir(anSEm)] Step 2

_ 1
Step 3: Disaggregation: Convert monthly [M"mhly Forecast(1-3 months ahead) |

forecasts to hourly predictions fortest
sites

[Disaggregate =V -¢iJ Step 3

|

[Hourly Forecasts All sites]

Figure 1: The proposed 3-step methodology
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Dataset

Industrial site load data

Hourly load for a random site-month pair
450
» UCI Electricity Consumption & Load (ECL)
dataset [3] containing 15-minute o
resolution data from 370 Portuguese
industrial facilities (2012-2015). Note: 79 - m
sites dropped due to missing data. M ‘

 All sites used for monthly load forecasting %0
(1-3 months horizon)

mWh

* For hourly disaggregation, we use a 50/50 =

split: 175 sites with hourly meters train
the disaggregation model, while 176
held-out sites test the full pipeline using h h \

200

only monthly invoices. 150

100
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Step 1: Monthly Forecasting Results

TabPFN Achieves Stable Performance Across Horizons

» TabPFN [6] maintains consistency: MAE

stays <70 MWh across all horizons Model H1 (Imo) H2 (2mo) H3 (3mo)
+ Baseline degrades sharply: 50 — 128 Baseline 50 99 128
R AutoGluon [4] 73 76 78
* 24-month training window, expanding LightGBM [5] 69 69.2 68.9
cross-validation TabPFN [6] 68 65 65

Table: Monthly Forecasting Performance (MAE in MWh)
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Step 2-3: Monthly to Hourly Disaggregation

Hourly disaggregation performance on Representative Sites

Hourly Load Disaggregation Performance
Site MT_248 - Month 2014-10 - Total: 118102.3 kWh

We compared our method against standard
approaches for converting monthly data to
hourly predictions:

* Uniform Model: Distributes total monthly load
evenly across all hours

+ Template-based Model: Scales historical average
hourly patterns by monthly totals

* Cluster-based Model: Groups sites by monthly
consumption features. Applies cluster-specific
templates

* Dirichlet-Bayesian Model:

* Robust prior estimation via trimmed
means

+ Day-of-week corrections
* Cluster-aware template mixing
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Site MT_220 - Month 2014-11 - Total: 1911300.6 kWh
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Site MT_029 - Month 2014-07 - Total: 59890.4 kWh
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500

500

500

600

600

600

700

700

700

—— Actual

Uniform (NMAE: 25.5%)
Template-Scaled (NMAE: 17.3%)
Cluster-model (NMAE: 9.9%)
Dirichlet-Bayesian (NMAE: 9.9%)

Actual

Uniform (NMAE: 30.3%)
Template-Scaled (NMAE: 15.6%)
Cluster-model (NMAE: 12.3%)
Dirichlet-Bayesian (NMAE: 14.3%)

Actual

Uniform (NMAE: 28.0%)
Template-Scaled (NMAE: 36.5%)
Cluster-model (NMAE: 29.1%)
Dirichlet-Bayesian (NMAE: 28.5%)



Step 2-3: Monthly to Hourly Disaggregation

Full Pipeline Evaluation

e 28-30% error reduction vs. uniform baseline Model

» Stable performance across 176 test facilities
(50% of dataset)

» Works across different industrial load profiles

Baseline Forecast Actual

H1 H2 H3 H1 H2 H3 Observed
Uniform 178.8 1857 189.3 | 1742 176.7 1783 157.6
Template-Scaled 1524 160.6 164.9 | 159.2 160.1 159.1 145.6
Cluster-Based 132.2 143.6 150.7 | 131.4 133.5 134.0 112.7
Dirichlet-Bayesian | 130.5 142.5 150.2 | 129.7 132.1 133.1 109.0

Table 2: Performance comparison of disaggregation models across forecasting scenarios and

horizons

Note: H1, H2, H3 represent 1-, 2-, and 3-month ahead forecast horizons. Mean MAE across 1232 test site-month pairs (176 x 7 rolling test
windows) in kWh. Baseline uses lagged monthly totals, Forecast uses ML predicted totals, and Actual uses observed monthly totals. Bold
values indicate best performance in each column. We choose MAE primarily because it is most relevant for use cases like Demand
Response, Integrated Resource Planning, etc.
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Climate Impact Applications

Democratizing Hourly Energy Insights

Immediate Applications
» Carbon Accounting: Real-time emissions tracking vs. 3-month delayed insights
» Demand Response: Accurate load curtailment commitments for grid stability

» Renewable Integration: Precise solar and storage sizing for net peak reduction

Grid-Scale Impact

 Grid operators can improve load forecast accuracy

» Enables better demand response and renewable integration
« Supports large-scale industrial electrification

* No new metering infrastructure required on urgent basis
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Conclusion & Impact

From monthly invoices to Climate Action

Key Contributions

» 28-30% improvement in hourly energy forecasting accuracy over uniform baseline
» No additional metering instrumentation required

» Enables immediate sustainability applications

» Supports grid stability during energy transition

Next Steps

» Sub-hourly predictions for granular grid balancing
* Incorporating weather patterns and grid conditions
« Automated facility clustering techniques

» Deployment in diverse geographic regions
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Thank You

Questions?

Contact:
prathavp@amazon.com

Acknowledgments:
NeurlPS 2025 CCAI Workshop
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