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Abstract

Greenhouse Gas (GHG) emissions datasets are often incomplete due to inconsistent
reporting and poor transparency. Filling the gaps in these datasets allows for more
accurate targeting of strategies to accelerate the reduction of GHG emissions.
This study evaluates the potential of machine learning methods to automate the
completion of GHG datasets. We use 3 datasets of increasing complexity with
18 different gap-filling methods and provide a guide to which methods are useful
in which circumstances. If few dataset features are available, or the gap consists
only of a missing time step in a record, then simple interpolation is often the
most accurate method and complex models should be avoided. However, if more
features are available and the gap involves non-reporting emitters, then machine
learning methods can be more accurate than simple extrapolation. Furthermore,
the secondary output of feature importance from complex models allows for data
collection prioritisation to accelerate the improvement of datasets. Graph based
methods are particularly scalable due to the ease of updating predictions given new
data and incorporating multimodal data sources. This study can serve as a guide to
the community upon which to base ever more integrated frameworks for automated
detailed GHG emissions estimations, and implementation guidance is available at
https://hackmd.io/@luke-scot/ML-for-GHG-database-completion.

1 Introduction

Greenhouse Gas (GHG) emissions datasets are often incomplete both at facility level (1) and at
national level (2). Countries and companies are accelerating emissions reduction strategies inline with
the Paris agreement and net-zero objectives (3} 4555 6), but incomplete and inaccurate datasets remain
a barrier to effective policy-making (7} 8} 9). Large companies are required to use emissions intensity
factors, provided by government entities or taken from life-cycle assessment databases (105 [11512), to
convert their facilities’ activity data to GHG emissions. The 3 main causes of incompleteness at this
level are: companies excluded from reporting regulations, lack of transparency, and non-compliance
(9; [13). For companies, the resulting uncertainty, can lead to erroneous net-zero calculations and
missed emissions (14)). The facility-level data is then aggregated to a national estimate grouped in
to source types and reported yearly by UNFCCC annex I parties. Only 43 out of 198 countries are
considered annex I, accounting for ~20% of global emissions, while non-Annex I countries have
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inconsistent reporting (15). National reports are further limited by the standardised breakdown used
by the UNFCCC and the accumulation of these uncertainties can lead to the misunderstanding of
emissions reduction progress and misinformed policy decisions (15).

The most accurate gap-filling solution is to require all emitters to conduct full life-cycle assessments
for their products, but this is not viable at large scale due to the expense and difficulty involved
(16} [17). Data fusion, combining multiple data sources has resulted in some country-wide and
industry-wide emissions databases (185195 18; 20; 21)), but these either lack facility-level granularity
or have incomplete coverage of facilities. A second option, which we will explore in this study, is to
improve data coverage and quality by ‘gap-filling’ emissions datasets using the available data to infer
the unavailable data. Inference and machine learning methods have been implemented for improving
process emission estimates in life-cycle assessments (22} 23; 24; [25)), quantifying uncertainty in
material flow analysis (26; 27), and data mining for industrial ecology (28; 29), but have so far
been unsuccessful in capturing the complexity and types of inputs required for full GHG emissions
estimates (30; 31 32). Gap-filling emissions datasets is a crucial problem where data science may
help if industrial ecologists are equipped with the knowledge of which machine learning techniques
can be used to tackle which problems. This paper seeks to address this gap and respond to the call
for data-driven innovation in the community (32} 9} 133)) by introducing 18 classification models
that can be applied to the 3 types of gap-filling problem that we define in section[2] Section [3| will
assess the performance of each model when applied to gap-filling problems across 3 GHG emissions
databases and section ] will discuss the implications of the results. An interactive guide is available
at https://hackmd.io/@luke-scot/ML-for-GHG-database-completion. It can serve as a
reference for the community and provide a base for future development of multimodal frameworks
for inferring company-specific emissions estimations, inline with urgent needs from companies and
governments as they attempt to achieve their net-zero targets.

2 Methods

In table[T] we present 3 types of gap addressing increasingly challenging problems in GHG emissions
datasets. Level 1 considers an emitter with some reporting records, but with missing time steps. Level
2 considers an emitter with no reports at any time step, but with properties that are shared with other
emitters in the database. Level 3 considers an emitter with no reports at any time step and with at
least one property that is not shared with any other emitter in the database, for example for a facility
in a country with no reporting facilities at all.

Table 1: Levels of gap filling. F is the set of emitters and P is the set of properties of those emitters.

Level | Gap composition | Set relationship Inference type Typical use case
1 Time ste FEiest C Firain Supervised - Inconsistent data reporting
P Piest € Prirgin learning from well regulated facilities.
) Emitter Fiest SZ FEirain 1-D trapsfer - Non-reporting small facilities.
Piest C Prrain learning - Poor transparency.
Emitter FEiest € Etrain | Multidimensional | UNFCCC gaps, especially
3 with unknowns Piest € Pirgi transfer learnin, non Annex-I countries.
test train & - Poorly mapped products.

The 3 levels of gap-filling will be considered across 3 datasets which cover a range of typical properties
of GHG emissions databases: UNFCCC (2) - national-level with 2 features, ClimateTRACE (1)) -
facility-level with 6 features, Petrochemical - facility-level with 13 features (see SI1.1 for feature
details). We will discretise gap-filling to a 4-class classification problem with class boundaries set
according to the quantiles of emissions values in each dataset as follows: 0 — 0.25 - low emissions,
0.25 — 0.5 - medium emissions, 0.5 — 0.75 high emissions, 0.75 — 1 very high emissions. For
each gap level, considered for each dataset, we will apply a series of classification techniques and
evaluate their performance using average accuracy and F'1 score. The models used are assembled
into 5 types: interpolation (34), shallow learning models (35)), ensemble models (36), deep learning
models (37) and graph representation learning models (38)). Model structure details can be found
in SI1.2 and cross-validation is used to optimise hyperparameters and prevent overfitting. Finally,
feature importance will be used to establish the most valuable features to collect during future data
gathering and will be evaluated for each model.
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3 Results

Figure [I] displays the average accuracy for each model applied to each dataset and for each level
of gap-filling, given a constant 70%-30% train/test set split. For level 1, with missing years in
the UNFCCC dataset, interpolation is the best solution with 97% average accuracy. In datasets
with more input features, decision trees and nearest neighbours perform as well or better than
interpolation at level 1. Deep learning models are not well suited to optimally predict values for
a single emitter and have lower accuracy than as some simpler methods. For level 2 with missing
emitters, interpolation is not the best option for any dataset. Decision trees and random forest methods
are viable solutions across all datasets with 60%-70% accuracy. For the UNFCCC dataset with only
two input features, deep learning is ineffective, but for datasets with more input features, deep learning
and graph representation learning methods perform as well as the best shallow methods. For level 3,
interpolation and shallow models have poor accuracy. For the ClimateTRACE and petrochemical
datasets, deep learning and graph-based models provide the best solutions.

Level 1 Level 2 Level 3
(Time step) (Emitter) (Emitter w/ unknowns)
) 0.41 0.54 0.61 0.42 0.43 0.58 | Mean
Interpolation 041 054 0.61 0.42 043 057 | Polynomial
0.35 0.52 0.46 0.36 0.52 0.46 0.35 0.51 0.46 | Logistic Regression
0.35 0.52 0.46 0.34 0.52 0.46 0.34 0.50 0.46 [ SGD 5
0.34 0.51 0.45 0.35 0.51 0.45 0.35 0.51 0.45 [ SVC %
shallow | 229 0.46 0.38 0.33 0.43 0.39 0.34 0.46 0.38 | Passive Aggressive o
0.36 0.44 0.44 0.37 0.45 0.43 0.37 0.44 0.44 I Naive Bayes =
0.62 0.59 0.58 0.61 0.57 0.59 | Decision Tree Q
0.52 0.79 0.52 0.56 0.52 0.51 0.54 0.52 |k Nearest Neighbours Q
0.29 0.41 0.37 0.29 0.45 0.40 0.31 0.37 0.37 | Perceptron g
Ensemble . 033 0.57 0.60 0.52 0.55 0.60 0.52 0.55 0.59 [ AdaBoost Y
0.74 0.82 0.96 0.62 0.67 0.64 0.60 0.66 0.65 F Random Forest =
0.54 0.75 0.83 0.49 0.60 0.55 0.48 0.62 0.54  Multilayer Perceptron =
Deep 0.40 0.62 0.63 0.42 0.61 0.57 0.44 0.59 057 | DeepNet
0.43 0.71 0.69 0.42 0.61 0.57 0.44 0.61 057 |LSTM
0.43 0.62 0.62 0.44 0.59 0.53 0.45 0.59 0.54 | ResNet
nl o032 0.53 0.49 0.32 0.52 0.50 0.33 0.53 0.48 | GCN
Graph| 041 o059 053 041 059 051 040 059 051 |SAGE v
UNFCCC Climate Petro- UNFCCC Climate Petro- UNFCCC Climate Petro-
TRACE -chems TRACE -chems TRACE -chems
| N
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Figure 1: Average accuracy scores. Random guessing would result in 0.25 average accuracy. Trainable
models were run for a maximum of 100 epochs. See SI2.1 for F'1-score.

This study used uniform hyperparameter tuning for consistency, but performance for neural network
based models could likely be increased with network structure adjustments and parameter tuning. In
real-life a 70%/30% train/test split may be unrealistic. Further testing showed that average accuracies
for the best performing models in each category reach within 10%, 20% and 20% of their peak
accuracies with just 20% of training data available for levels 1, 2 and 3 respectively. A detailed
figure is available in SI2.2. Figure [2] shows feature importance outputs. Figures 2h and 2p show that
‘Category’ for the UNFCCC and ‘Capacity’ for ClimateTRACE are the most valuable features for
data collection. Figure 2k presents that if data for emitter 0 is not accessible, the best locations to
gain data to improve knowledge of emitter 0’s emissions are emitters 1, 2 and 4.

4 Discussion

Can ML provide an automated solution to GHG emission database completion? This study shows
that ML classifiers can effectively and scalably complete emissions datasets in some cases. However,
different models are appropriate for different types of gap-filling problem and complex models
are not the best solution in many cases. Industrial ecologists and emissions analysts should not
rush to use ML if their problem is not suitable. See SI3 or https://hackmd.io/@luke-scot/
ML-for-GHG-database-completion for a guide for deciding which models should be used in
which circumstances.
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Figure 2: Model explainability representations. Relative feature importance for the decision tree
classifier in the level 2 gap-filling problem are shown for: a) UNFCCC, b) ClimateTRACE. Plot c)
shows the node importance analysis for node 0 using GNNExplainer (39)) for the GCN method.

With only 2 features, ML models do not perform well on completing the UNFCCC dataset. If
the UNFCCC database was associated with additional features, this may present an opportunity
to enhance UNFCCC database coverage and target the tightening of UNFCCC regulation to those
parties and features which are the most informative for the overall dataset. This will be the subject of
future work.

Data collection at all emitters will continue to be the most accurate method but this is often not
possible. Feature importance outputs may allow for a targeted approach to reduce the burden on
organisations, such as ClimateTRACE, seeking carbon footprint transparency, as they could maintain
data completeness without explicitly collecting all data points. The ability to infer reliable data across
unobserved emitters may be a useful filter in detecting possible misreporting. If the predicted value is
significantly different to the value reported, this could suggest some verification is required.

The ability to predict emissions categories without imposing any knowledge of the relationship
between input features and output emissions permits easy incorporation of available data sources and
avoids many of the biases involved in manual emissions estimates. In effect, any data source can be
added to a learning-based model which could could open avenues for incorporation of many data
types into a single framework for emissions estimates. Graph-based frameworks may be particularly
helpful for incorporating material flow analysis and life-cycle assessment data due to their graphical
forms. Further afield, a multimodal framework could be a basis for the merging of ‘top-down’ satellite
measurements with ‘bottom-up’ emissions reports, as sought out in the remote sensing community
(40).

Poor performance in scenarios with insufficient input features or high levels of complexity show the
limitations of the techniques in this paper. Furthermore, results are based on 4-class classification
which is too imprecise for many problems, and uncertainty is not quantified. To address these
limitations, our future research will aim to quantify uncertainty across multimodal inputs and output
an uncertainty distribution of values. Initial training time for all models in this study was less than 1
hour on a 16GB RAM computer. Standard neural networks require some level of re-training for each
new data point which may become impractical with a regularly updated system. Graph frameworks
are able to locally incorporate new data without re-training the whole network and may therefore be a
more viable solution for incrementally improving models across large multimodal networks.

In conclusion, ML can be used to automate the completion of greenhouse gas emissions databases
when enough input features are available and feature importance outputs can guide future data
collection. Graph-based frameworks are particularly promising for future multimodal frameworks
that could be used at the intersection of remote sensing and industrial ecology.
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