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dnet → N (N · E[ppop(ω|ε)],ϑnet)

Bayesian Methods for Enhanced Greenhouse Gas Emissions Inventories

Overview

Modern emissions inventories can provide fine-grained 
sources of GHG emissions, some even down to the 
facility level [CT25]. However, in settings where facilities 
are not known a priori but must be detected (e.g., via 
remote sensing), facility location data may be 
incomplete. How might priors and auxiliary data of 
varying resolution help enrich these inventories?
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Conclusions & Next Steps
Early indications suggest the model does a good job capturing 
parameters of interest in synthetic data (Fig. 5). Furthermore, the 
distributional assessments (Fig. 7) provides insight into how active 
these facilities might be.
• Enriched modeling, including:

• explore other distributions for modeling facility populations 
(e.g., power law, uniform); run sensitivity studies and perform 
model selection,

• temporal extensions (i.e., move beyond a single month), and
• tuning detection models and noise priors.

• Generalizing to other sectors and countries.
• Cross-validation & additional studies using real-world data.

Real-world and Synthetic Data

Let:

Preliminary Exploration

2025.12.07

Fig. 6: Posterior estimates for N (total population size) and Ndet (expected number of 
detections) for real-world data. Purple dashed line shows true number of observations. 
These posterior estimates are combined across 4 Markov Chain Monte Carlo (MCMC) 

chains; ess denotes the effective sample size estimate.
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p(ω, N |{di}) = ε(ω)ε(N)
Nobs∏

i=1

∫
p(di|ϑ)ppop(ϑ|ω)dϑ∫
pdet(ϑ)ppop(ϑ|ω)dϑ

· e→Ndet (Ndet)
Nobs

Posterior Estimates

[Man19] derive the following posterior estimate for the 
population parameters and total population count:

Assumptions:
• We are modeling BF/BOF facilities only
• Facility activity levels can be modeled as independent 

draws from a (latent) normal population distribution
• Our economic data is for steel facilities only; we 

currently assume this is a good approximation for the 
entire iron and steel sector 

• Model components (e.g., priors, noise terms) have not 
yet been tuned

Selection Bias

Key question: What emissions 
properties can we estimate for 
facilities we don’t directly observe?

Consider the scenario depicted in Fig. 1. Based on 
the observed activity data from [CT25], together with 
country-level (i.e., aggregate) economic estimates of 
steel activity [WAS24], how many unobserved 
facilities might exist and approximately how active 
might we anticipate them to be?

Answers to this question, applied across multiple 
sectors and geographic locations, can help inform 
future data collection strategies or triage intervention 
opportunities.

We propose that Bayesian methods offer a principled 
framework for integrating heterogeneous emissions and 
metadata across multiple scales and can help infer 
properties of unobserved data.

We adopt the framework of [Man19], which accounts for 
selection effects as well as measurement uncertainty. In 
this work we augment that framework with additional 
terms to accommodate the aggregate observations.

We expand this model by introducing a term that relates 
the above model to our aggregate activity data:

We implement this model using the NumPyro [Pha19] 
probabilistic programming framework:
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ω(.)

Parameters of the latent facility population

Facility characteristics

Noisy observations of the ith facility’s characteristics

Total number of facilities

The expected number of detected facilities

The number of detected facilities

Prior distribution for the associated parameter

Fig. 2: Graphical model corresponding to Eq. (2) and (3).

Fig. 4: Synthetic activity data generated for the case where N=110 total facilities. 
Observed facilities are shown in purple; missing (unobserved) facilities are in gray. 

Fig. 7: Cumulative number of facilities with activity > x tonnes of steel for real-world 
data. The orange line depicts observed samples while blue denotes realizations drawn 

from the posterior estimate of the underlying population.
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dnet Aggregate characteristic observation

N
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For known facilities, inventories provide 
estimates for one or more relevant 
characteristics (e.g., activity level):

<latexit sha1_base64="TmgB2pqghCkQ2ATVI340AnEYLE0=">AAACEHicbZDLSgMxFIYz9VbrrerSTbCILkqZEamCCEU3rqSCvUCnDJlM2oZmJkNyRixDH8GNr+LGhSJuXbrzbUwvC239IfDxn3M4Ob8fC67Btr+tzMLi0vJKdjW3tr6xuZXf3qlrmSjKalQKqZo+0UzwiNWAg2DNWDES+oI1/P7VqN64Z0pzGd3BIGbtkHQj3uGUgLG8/KGbBh53h0XsnmOOL7BjSAQSdBHfeC6wB0ilr4devmCX7LHwPDhTKKCpql7+yw0kTUIWARVE65Zjx9BOiQJOBRvm3ESzmNA+6bKWwYiETLfT8UFDfGCcAHekMi8CPHZ/T6Qk1HoQ+qYzJNDTs7WR+V+tlUDnrJ3yKE6ARXSyqJMIDBKP0sEBV4yCGBggVHHzV0x7RBEKJsOcCcGZPXke6sclp1wq354UKpfTOLJoD+2jI+SgU1RB16iKaoiiR/SMXtGb9WS9WO/Wx6Q1Y01ndtEfWZ8/88ObVg==</latexit>

{di}, i = 1, . . . , Nobs

In settings where facilities are not known but can be sensed, the 
probability of observing a facility may be related to the magnitude of 
its characteristic. For example, a very active steel blast furnace may 
produce a more persistent heat signature than a less active one.

However, we may have (a) good priors about population-level 
distributions of these characteristics, and (b) reliable auxiliary 
information about these characteristics, such as an aggregate value:
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dnet =
Nobs∑

i=1

ωi +
Nunobs∑

j=1

ωj + εnet

How can we leverage these priors and auxiliary data to obtain useful 
information about the overall population?

Motivating Example

Bayesian Model

Fig. 1: Example facility-level data from Climate TRACE for the iron and steel sector.
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(3)

Fig. 5: 95% highest density interval (HDI) posterior estimates on synthetic data as we 
sweep over various values of N (for the same population parameters). Note that the 

posterior estimates cover the true value (gray triangles). 

Fig. 3: Distribution of activity data from Climate TRACE for BF/BOF steel plants in 
Brazil. Note this data spans multiple years, whereas in our study we model a single 
month of activity (2022-01-01). A presumed probability of detection is shown on the 

second y axis (black dashed line).

Under-detected region
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di = ωi + εi


