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ABSTRACT

The study develops a data-driven framework for predicting household CO; emissions within a developing eco-
nomic setting using Talba Estate in Minna, Niger State, Nigeria, as a case study. Hourly data were collected from
10 households for the whole of 2023, encapsulating electricity consumption, income, household size, and climatic
parameters. Four machine learning models were benchmarked and evaluated within a prediction-uncertainty risk
assessment framework, which quantifies the likelihood and impact of model-based prediction errors rather than
policy or environmental risks. The models were trained on a 70/30 train-test split and evaluated within a novel
prediction-error risk assessment framework that quantifies model uncertainty. The XGBoost achieved the highest
in predictive accuracy among the four, with minimum error rates: MAPE = 0.0073, RMSE = 0.1463, and MAE =
0.0340, an R? of 0.9999, almost a perfect fit. The robustness of the model was also tested by prediction-error risk
scoring, with values averaging around zero and stability values at about 0.100 across households. The key innova-

tion is the integration of machine learning forecasting with a structured prediction-error risk assessment frame-
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work, applied to high-resolution household data in a resource-constrained setting, a combination rarely addressed

in existing literature. The results point toward a promising outlook for hybridizing an advanced machine-learning

toolkit with prediction-uncertainty risk quantification toward accurate carbon forecasting in resource constraint

context. The findings offer actionable insights for policymakers supporting Sustainable Development Goal 13 and

Nigeria's net-zero emissions targets, advancing scalable carbon monitoring frameworks for developing regions.

Keywords: Machine Learning; Carbon Footprint; Prediction; Emission; Prediction-Error Risk Assessment; Model Un-

certainty; Nigeria

1. Introduction

Currently, the urgency of fighting climate change
has put forth carbon footprints measuring and reduc-
ing as a good area for sustainability-related research
wherein carbon footprint has been a common key pa-
rameter to gauge greenhouse gas emissions and conse-
quently monitor the progress line of Sustainable Devel-
opment Goals (SDGs), especially Goal 13 of the SDGs: Cli-

mate Action 131,

The emission reduction issue gained
relevance after the conclusion of the Paris Climate Agree-
ment, which puts forward that global warming should
be kept below 2 °C above pre-industrial levels and, if
possible, brought down to 1.5 °C[*-®l. The most signif-
icant types of greenhouse gas (GHG) emissions, that is
carbon dioxide consitute 81 per cent, therefore calling
for proper monitoring and studying in the interest of en-
vironmental policy and climate action 78],

An estimate of carbon emissions helps policymak-
ers to set realistic targets for carbon reduction, to as-
sess the efficiency of the strategies being pursued, and
to draw balanced and rational policies that may promote
economic growth and environmental protection subject
to the given geopolitical scenario!®). By explanation of
the system mechanism, the carbon emissions are com-
plicated and result from many factors, including pop-
ulation growth, economic growth, energy use, technol-
ogy changes, and alterations to energy systems. By re-
search, without any solution, current levels of emissions
will lead to the worst-case scenarios, and environmental
degradation is severe, such as more frequent and severe
floods, fires, and storms by 2100 [10],

The demand to amplify prediction skill and in-
creased availability of data have resulted, over the years,
in the enhancement of a variety of prediction models,

from simple statistics to more sophisticated Al tech-
niques ', Secondly, when considering the regional and
global emission trends, some strategies need to be con-
templated for forecasting and limiting carbon emissions.
Developed and developing economies follow different
emission trajectories since those in the developing have
their emissions tend to grow with processes of indus-
trialization and urbanization. This difference might re-
veal the contextual variables useful for the designing
of models in line with the socioeconomic contexts. Be-
sides, even after the very rich literature had immensely
contributed towards retrospective carbon accounting,
life cycle assessment, and sectoral drivers of emissions,
these approaches are still mostly descriptive and, there-
fore, cannot estimate future emission scenarios 12131,

Addressing this forecasting gap is complex, as it ex-
ists within an uncertain socioeconomic landscape where
technological advancement and policy implementation
are variable. This uncertainty itself presents a major im-
pediment to formulating robust risk mitigation strate-
gies aligned with national and international net-zero
pathways. Although machine learning (ML) has revo-
lutionized emission forecasting at corporate, industrial,
and national scales ', its application to critical residen-
tial sector, particularly in developing economies with
distinct socioeconomic pressures, faces notable limita-
tions.

Significant and interconnected gaps persist in the
extant literature. Firstly, while ML applications are
growing, a disproportionate focus remains on cor-
porate, industrial and national level emissions 416l
with granular household-level forecasting in developing
economies remaining underexplored. Secondly, much of
the present literature is context-specific, aimed at devel-
oped economies with stable data infrastructures, while
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developing contexts like Nigeria are largely overlooked
despite rising emissions. Thirdly and most critically, ex-
isting studies predominantly prioritize predictive accu-
racy but seldom integrate forecasting outputs into a for-
mal, decision centric risk management framework. Few
models account for the systemic risk arising from socioe-
conomic, climatic, and policy-induced uncertainties, lim-
iting their practical utility for policy and planning.

Addressing these gaps, this study introduces an in-
tegrated framework that advances the literature in three
key ways: i) employing a variety of advanced ma-
chine learning algorithms (RFR, ETR, EVR and XGBoost)
for comparative benchmarking; ii.) Integrating predic-
tions into a structured prediction-error risk assessment
model to quantify uncertainties; and iii.) situating this
analysis within a developing economy context, where
balancing socioeconomic growth with carbon footprint
reduction is paramount.

The major innovation in this study is in its integra-
tion of machine-learning-based carbon-emission predic-
tion with a structured risk-management framework, us-
ing high-resolution real time household CO; data from
a developing-country context (Nigeria), benchmarking
multiple advanced models, and providing risk-linked
mitigation strategies that support SDG 13 and net-zero
decision-making.

The primary aim of this study is to develop a robust,
risk-informed framework for predicting household CO,
emissions in a resource-constrained setting. This aim is

achieved through the following objectives:

¢  Develop machine-learning models (RFR, ETR, SVR
and XGBoost) capable of accurately predicting
household CO, emission using environmental, so-
cioeconomic and energy-consumption variables.

¢ Integrate a prediction-error risk assessment model
into the prediction framework in order to quantify
uncertainties in household CO, emission forecasts.

¢  Evaluate and compare the predictive performance
of the selected machine learning models across
households in a developing-economy context.

. Determine the likelihood, impact and overall risk
score associated with prediction errors for each
household under the proposed prediction-error
risk assessment framework.

e Recommend mitigation strategies and actionable
policy pathways for reducing household-level car-
bon emission while supporting SDG13 and net- zero

aspirations.

And the corresponding research questions derived

directly from the objectives are:

1. How accurately can machine-learning models
predict household CO; emissions using the se-
lected environmental, socioeconomic, and energy-
consumption variables?

2.  How can prediction-error risk assessment princi-
ples be integrated into carbon- emission prediction
models to quantify uncertainty in household fore-
casts?

3. Which of the four models (RFR, ETR, SVR, XGBoost)
demonstrates superior accuracy and robustness
when applied to household-level CO, datasets in a
developing country environment?

4.  What are the likelihood, impact and resulting risk
levels associated with prediction errors for each
household under the prediction-error risk assess-
ment framework?

5. What mitigation measures and policy recommen-
dations can be derived from the prediction and
prediction-error risk assessment results to sup-

port climate-action and net-zero targets?

The rest of this paper is structured as follows: Sec-
tion 2 presents the literature review and the related
works. Section 3 deals with the methodology and dis-
cusses the forecasting approaches and the framework
for assessing risks. Section 4 shows the results and
the interpretation of emission patterns and related risks.
Section 5, therefore, not only concludes the discussion by
presenting some main insights and wider implications,
but also, discusses limitations and possible avenues for

future work.

2. Literature Review

2.1. Traditional and Conventional
proaches to Carbon Accounting

Ap-

The foundational work in carbon footprint analy-
sis has largely relied on descriptive and retrospective ap-
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proaches. Life Cycle Assessment (LCA) and retrospec-
tive carbon accounting have provided critical insights
into sectoral contributions to emissions and have been
instrumental in establishing baseline inventories!['3.
However, as noted by Li et al.['?], these approaches are
inherently descriptive and are limited in their capacity
to forecast future emission scenarios under uncertainty.
They provide a vital historical picture but offer limited
utility for proactive, forward looking policy formulation
and risk mitigation.

2.2. The Rise of Data-Driven and Machine
Learning Forecasting Models

To address the need for prediction, the field has
increasingly turned to data-driven and machine learn-
ing (ML) techniques. Recent years have seen the suc-
cessful application of ML models for forecasting emis-
sions at various scales. Nguyen et al.['>] demonstrated
the use of models like Elastic Net, Random Forest, and
XGBoost to forecast corporate carbon emissions, though
they noted the limitation of not extending to household
footprints. Similarly, studies have applied Al for op-
timizing supply chain emissions!*®! and creating high-
precision models for industrial sources like coal-fired
power plants'7], Ata macro-scale, advanced time-series
approaches like SARIMA have been used to model global
emissions, incorporating disruptions such as the COVID-

18] This demonstrates a clear trend to-

19 pandemic!
wards using sophisticated algorithms to model the com-
plex, non-linear drivers of emissions across different do-

mains.

2.3. Review of Related Work

Nguyen et al.['] considered the use of machine
learning models in forecasting carbon emissions with a
large set of predictors—attributes of the firm, industrial
types, and several environmental elements. The model,
which was built with some degree of thoroughness with
predictors such as Elastic Net, Random Forest, and XGB
models, even underwent out-of-sample validation, en-
hancing the trustworthiness of the study. Industrial ac-
tivity and fuel mix were also considered as emissions fac-

tors largely in the study. The authors, however, denote

that analysis was limited to corporate and industry emis-
sions and did not extend to household carbon footprints,
which is increasingly gaining more attention. The inclu-
sion of household forecasts could lead to a more unified
approach to the problem, the authors say. They have also
highlighted that, in these modeling set-ups, limited co-
hesion by firm is presented as weak to accuracy by re-
gion. According to Huang and Mao ('], Al-based algo-
rithms and data-driven methods will analyse and com-
plement data related to global market supply chains con-
cerning improved efficiency, cost-effectiveness, and sus-
tainability objectives aiming at carbon footprint reduc-
tion. Basically, the novelty of this work from the perspec-
tive of Al lies in how deep learning and optimisation al-
gorithms are applied to solve operational and environ-
mental sustainability problems. Thus, sustainable sup-
ply chain management is promoted through this Al inte-
gration. Besides, the study further amplifies the role of
Al in reducing emissions by supporting resource alloca-
tion optimisation, emissions monitoring, and real-time
decision control, which benefits corporate and public
policy spheres. Another research limitation appears in
that it exclusively focuses on supply chain and industrial-
related carbon emissions, excluding residential emis-
sions. This becomes an essential point since the resi-
dential sector remains one of the largest contributors
to global emissions, and its exclusion from the model
compromises the model’s completeness towards the ul-
timate objective of reducing emissions. This indicates a
small room for gapsin literature as area edge predictions
at the household level may enhance the system and of-
fer a more thorough picture of community sustainabil-
ity. Given the controversial nature of carbon emissions,
this paper focuses predominantly on the study of carbon
emissions as a subset only.

In another study, Liu et al.l'”! prepared a high-
precision, real-time, predictive model of carbon emis-
sions from coal-fired power plants following a setting-
based learning paradigm. The modeling techniques, es-
pecially the ElasticNet, were found to have a high de-
gree of accuracy (R? > 0.95) and stability when applied
to various validation scenarios. Firstly, the model analy-
ses operational and chemical parameters in detail, iden-
tifying coal quality parameters as the major predictors,
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and providing operational and strategic frameworks for
emissions monitoring, optimisation, and environmental
control. On the flipside, it cannot be denied that the pre-
diction model is very much tied up to power plant data
and can hardly find any use in another sector, e.g., house-
holds. The prediction of household carbon footprint re-
mains something that has not been tackled, and this may
well be an area of novelty for further research. While
the industrial emission-centric study does shed some
light, it also marches the landscape toward incorporat-
ing household data in future studies to push their pre-
dictive rating onto a wider, more refined level of carbon
footprint management.

According to Awad and Khanna ('8, the study devel-
oped an Al-based machine learning model that forecasts
global CO, emissions for past, present, and future peri-
ods, with a view toward the consequences of the COVID-
19 pandemic. It includes pandemic-related data, so it ac-
counts for the reductions in emissions during lockdowns,
and an optimised SARIMA approach is used to attain up
to 91% accuracy. The data run from 2020 to 2023 and
are split into pre-pandemic, start, transmission, and post-
pandemic windows, allowing forecasts up to 6, 32, and 50
years ahead. Despite being very useful to policy, the limi-
tations of the model suit include historical and pandemic-
specific data only, not including external factors such as
changes in policy, technology, or economic shifts that
can trigger future emissions. Future works will allow
improvements with the extended independent variables
and optimisation methods, as well as building easy-to-
use applications for real-time tracking. Overall, this novel
method makes strong forecasts for emission reduction
strategies while requiring further improvements for cov-
ering complicated external factors.

Garg et al.!”! performed environmental policy fram-
ing by projecting future carbon emissions in Indonesia
until the year 2030 and employing machine learning-
based prediction, i.e., Linear Regression. The advantage
of the study rests in a straightforward forecasting model
relying on historical data-well-founded enough to easily
interpret and predict an upward emission trend, thus
allowing policymakers to come up with informed deci-
sions. In addition, the availability of the datasets to the

public and the use of common data analysis tools add to

the transparency and reproducibility of the research. On
the other hand, its weaknesses involve linear regression,
which might oversimplify the complex environmental
and socioeconomic processes shaping emissions; it as-
sumes a linear form along with time and, thus, might not
be suited for non-linear dynamics or exogenous shocks
such as social changes, technologic advances, or eco-
nomic fluctuations.

Despite these advances, critical gaps remain, partic-
ularly concerning the focus of this study. A consistent
limitation across the cited literature is the sectoral focus;
corporate 3!, supply chain®!, and industrial [*®! studies
explicitly exclude the residential sector, which is a ma-
jor global emissions contributor. Furthermore, the ma-
jor body of present literature is context-specific, aimed
atdeveloped economies with stable data infrastructures,
while developing contexts such as Nigeria facing unique
pressures from socioeconomic growth are largely unex-
plored. Finally, the predominant emphasis in existing
work is on achieving predictive accuracy, with hardly any
taking the element of systemic risk analysis from socioe-
conomic, climatic and policy-induced uncertainties into
their fold. This omission limits the practical usability
of such models for policy and planning where managing
risk is essential.

Addressing these gaps, the present study advances
literature by: (i) making use of a variety of machine
learning forecasting algorithms (RFR, ETR, SVR, and XG-
Boost) for comparative testing; (ii) integrating predic-
tions into a risk management framework to quantify un-
certainties; and (iii) situating this analysis in a devel-
oping economy context where pressures from socioeco-
nomic growth have to be balanced with considerations
for carbon footprint reduction. It thus extends method-
ological rigour and offers insights that could be useful for
policymakers interested in implementing SDG 13 (Cli-

mate Action) and net-zero commitments.

3. Materials and Methods

3.1. Research Methodological Framework

The research process started with a literature re-
view to consider the key variables that influence carbon-

footprint emissions across energy consumption, cli-
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matic, socioeconomic, and policy-related dimensions.
The most important variables were then selected and
minor ones thrown out by expert judgment. In this re-
search, inputs to the prediction models for CO, were
considered as hours in a year, estimated income level,
household electricity consumption, temperature, and
household size, while outputs were considered as hourly
CO, emission. Data collection was undertaken based
on these selected variables. Hourly energy consump-
tion data for the year 2023 were collected using a smart
energy meter (Figure 1) installed in each of the ten
(10) households (H1, H2, H3, H4, H5, H6, H7, H8, H9,
and H10) at Talba estate, Minna, Niger state. Temper-
ature data for the climatological datasets were sourced
from the National Aeronautics and Space Administration
(NASA) database for 2023. Other datasets such as in-
come level and household size were collected via survey
interviews with each household. Hourly CO; emissions
for one year were measured with a developed real-time
CO; monitoring device (Figure 1a,b) which was placed
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3.2. Software and Implementation

All analyses were conducted in MATLAB 2023a us-
Hy-
perparameter tuning was performed using Bayesian op-

ing the statistics and machine learning toolbox.

timization via the bayesopt function. Preprocessing,
model training, and risk assessment were scripted in

MATLAB; all code is available upon request.

3.3. Model Formulation

In this study, four machine learning models are uti-
lized to predict carbon emissions for the considered case

in each of the ten households. Thisyielded 87,600 hourly
records (10 households x 8760 h). Fewer than 0.5%
of values were missing due to sensor downtime; these
were addressed using linear interpolation for continu-
ous variables and forward-fill for static ones. The fore-
cast window for this study is hourly, with models trained
and evaluated on hourly CO, emission data across the
entire year of 2023. Predictions were generated on the
same hourly resolution to capture short-term variations
in household emissions. Preprocessing steps were se-
lected to enhance model performance: min-max nor-
malization preserved feature distributions, z-score stan-
dardization reduced outlier influence, and k-means clus-
tering (k = 3) identified typical consumption patterns for
use as an auxiliary feature. Data was split chronolog-
ically using 70/30 ratio, with training from January to
August 2023 and testing from September to December
2023 to evaluate temporal generalization. The results of
the processed data were further utilized to develop the
CO; prediction models in the subsequent section.

(b)

Figure 1. Monitoring Device: (a) smart energy meter; (b) developed real-time CO, monitor.

study; they include Random Forest Regressor, Support
Vector Regressor, Extreme Gradient Boosting (XGBoost),

and Extra Trees Regressor.
3.3.1. Random Forest Regressor

Random Forest is an ensemble learning method
that generates a collection of decision trees during train-
ing and combines their outputs, typically by averag-
ing, to achieve more stable predictions and limit overfit-
ting 1711, Each tree is trained on a bootstrap sample of
the dataset, while the choice of features at every split is
randomized to promote diversity within the forest. The
overall prediction function for the model is summarized

30



Carbon Circularity | Volume 01 | Issue 01 | September 2025

in Equation (1).

1 T

Y= T Zt—l he (x)

Where y is the final predicted output of the random for-

(1)

est for the input x.
T is the total number of decision trees.
h; (x) the prediction of the t™ decision tree for input x.
The model hyperparameters, such as the number of
trees, maximum tree depth, and minimum samples per
leaf, are optimized so as to achieve the best trade-off be-
tween the bias and the variance. In this study, the RFR
was implemented to model household CO; emissions by
aggregating predictions from 200 decision trees, each
trained on bootstrap samples of the hourly dataset. To
prevent overfitting to temporal patterns, the maximum
tree depth was limited to 15, and the minimum sam-
ples per leaf was set to 5. Feature randomness at each
split was controlled by sampling VP features (where p
is the total number of features). These parameters were
optimized via Bayesian optimization with 5-fold cross-
validation to balance bias and variance for the high-
resolution emission data.

3.3.2. Support Vector Regressor

Support Vector Regression also applies the princi-
ples of Support Vector Machines (SVM) to address re-
gression problems by finding a function that normally
deviates from the actual targets by at most epsilon, while

[18,20]

maintaining maximum flatness The prediction

function can be formulated as given by Equation (2).

f@) =" (ai—ax) K(z,a)+b  (2)

Where f(z) is the predicted output of the SVM,
a;, a;* are the Lagrange multipliers,
K (x;, ) is the kernel function, and b is the bias term.
SVR’s strength lies in its ability to capture nonlinear
patterns using kernel methods. The main hyper param-
eters include the penalty parameter C, kernel type, and
ee (epsilon) (insensitive loss margin), which are tuned
through the cross-validation for the optimal predictive
performance. In this study, the SVR was applied to cap-
ture potential nonlinear relationships between electric-
ity consumption and CO; emissions. The Radial Basis
Function (RBF) kernel was selected for its flexibility in

modelling complex patterns. hyper parameters includ-
ing the penalty parameter ¢ = 10, kernel coefficient y =
0.1, and e-insensitive margin € = 0.01 were tuned via
The
SVR was particularly useful for smoothing hourly emis-

Bayesian optimization with 30 evaluation trials.

sion trends while maintaining sensitivity to consump-
tion spikes.

3.3.3. Extreme Gradient Boosting (XG-
Boost)

It is possible to accelerate and scale gradient boost-
ing by means of XGBoost. Decision trees are built in se-
ries so that each tree reduces the residual errors left by
the previous trees. The learning process for the trees
involves an objective function comprising a loss term
plus a regularisation term to control complexity of the
model 21?21, as given in Equation (3).

obi0) =" . )+ Q) B)

Where [(y;, y;) is the loss function (e.g., squared error),
and Q (fi) is the regularisation term for the k' tree. The
final prediction is obtained by summing over all weak
learners as presented in Equation (4).

k

Gi=, e @), fe €¢ )

Here, f stands for the space of regression trees, and one
fine-tunes all XGBoost parameters like learning rate (),
maximum depth of trees, subsampling ratio, and number
of estimators, so as to ideally balance bias, variance, and
computational complexity.

XGBoost was employed to sequentially correct
The
model was configured with 500 boosting rounds, a learn-

residual errors in hourly emission predictions.

ing rate of 0.05, and maximum tree depth of 6 to prevent
overfitting to noisy hourly data. L2 regularization (A= 1)
and subsampling (70% of data per round) were applied
to enhance generalization. These parameters were op-
timized using Bayesian optimization with 3 fold cross-
validation, specifically targeting the reduction of RMSE
across all households.

3.3.4. Extra Trees Regressor

Extra Trees Regressor is a more randomized ver-
sion of the Random Forest as it adds randomness on top
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of what is already present during the tree-building pro-
cess. Whereas in the case of Random Forest the best

split is picked from a subset of features, in the case of

randomization during tree construction. Unlike Random
Forest, split thresholds were chosen completely at ran-

dom for each feature, reducing variance in household

Extra Trees instead it picks randomly the thresholds for emission predictions. The ensemble consisted of 300

each feature and then calculates which one is the best, trees with no maximum depth limit, and splits were ac-
thus, variance is reduced even more 31, The predic- cepted only if they partitioned at least 2 samples. This
tion function is given by Equation (5).

1T
Yy=r=

0 Zt=1 htemtra (l‘) (5)

Where h;“*'"® represents the prediction from each

configuration was particularly effective in smoothing
volatile emission patterns while maintaining computa-
tional efficiency.

extremely randomised tree. An increase in diversity

3.4. Prediction-Error Risk Assessment

Model

among trees is usually accompanied by better general-

isation, at the cost of a small increase in bias. Perfor-

mance is optimised by tuning hyperparameters such as The presented model of prediction-error risk as-

the measurement being estimated, the depth ofthe trees, sessment, illustrated in Figure 2, incorporates detailed

and the minimum number of samples on a split. analysis of model prediction errors, quantifying the un-

The Extra Trees Regressor in this study was imple- certainty associated with carbon footprint forecasts for

mented to increase model diversity through additional each household.

Risk Identification
Tt ey Ch) i O] Calculate Deviation between actual

s e and predicted CO, om test data as
tost dhtaset as
Percsntags

Error
Define thresheld bazed on
deviation percentage

Risk Assesment

MAPE= 10%
Likelihood 0.10

No

¥

Yes
Yery Lov MAPE10t0 20%

Ho

Likelihood 0.30
Yes
Lovs to Moderate
MAPE 20t 30%
Likelihood 0.60 l
No
Yes

Moderate - High
MAPE> 30%
Likelihood 090
Yes

ki
Risk Mitigation
[ Propose Measures | Mitigate Risk ]

Figure 2. Prediction Error Risk Management Model of CO, Emission Prediction.
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The likelihood thresholds (MAPE < 10% = 0.10 for
very low likelihood, 10% < MAPE < 20% = 0.30 for
low-moderate likelihood, 20% < MAPE < 30% = 0.60
for moderate-high likelihood, and MAPE > 30% = 0.90

for very high likelihood), aligns with forecasting perfor-
[26-28]

mance benchmarks The impact dimension was

calculated as MAE divided by mean observed emissions,

capped at 1. The final risk categories (Low, Moder-
ate, High, Severe) follows ISO 31000 risk matrix conven-
tions [2930],

The model begins by computing standard perfor-
mance metrics, including Mean Absolute Percentage Er-
ror (MAPE), Mean Absolute Error[3!], Root Mean Square
Error (RMSE) and the coefficient of determination (R?)
statistics were calculated for every single household.
MAPE’s values were then placed on a scale of probabil-
ities, where MAPE < 10% was assigned a likelihood of
0.10 (very low), 10-20% to 0.30 (low-moderate), 20-
30% to 0.60 (moderate-high) and anything above 30%
was marked as 0.90 (very high). Prediction error was
measured in terms of its effect on MAE being proportion-
ate to the average observed CO, emissions, with a limit of
1 set to prevent overstating the impact of prediction er-
rors. The product of likelihood and impact is then scaled
to generate a risk score (0-100), which is categorised
into four risk levels: Low (<10), Moderate (11-30), High
(31-60), and Severe (>60). Eachrisk level is assigned tai-
lored mitigation strategies, ranging from periodic moni-
toring and frequent validation with hyperparameter tun-
ing (Moderate) to retraining with more data and feature
engineering (High), and immediate review with fallback

rules (Severe).

3.5. Model Parameter Selections

Random Forest regression was implemented us-
ing Bagging (‘Method, ‘Bag’) with decision trees as
base learners, while Extra Trees regressor also used
Bagging but introduced additional randomness by sam-
pling feature subsets to enhance generalisation; in both
cases, Bayesian optimisation tuned NumLearningcycles
(trees). To balance exploration and exploitation, the
function expected-improvement-plus was used together
with MinLeafSize (leaf size/complexity), and MaxNum-
Splits or NumVariablesToSample (feature-level random-

ness/depth).
sation was preferred over grid or random search be-

In the case of SVM, Bayesian optimi-

cause of its effectiveness in searching through intricate
hyperparameter settings. With 30 evaluations, 5-fold
cross-validation, and suppressed plotting/output to en-
sure stability, computational efficiency, and robust eval-
uation under an 80/20 train-test split, this approach
was employed. In XGBoost, NumLearningCycles (boost-
ing rounds), LearnRate (step size), MinLeafSize, and
MaxNumSplits (tree depth control) were tuned through
Bayesian optimisation using 30 trials and 3-fold cross-
validation employing the same acquisition function, en-
suring minimized prediction error, improved stability,

and strong generalisation across households.

3.6. Model Evaluation

The fouling rate curves predicted are compared
with the measured ones to evaluate the accuracy of
the model. Besides graphical representations, numer-
ical statistical indices are used to present the predic-
tions. Among the statistical estimates are the Mean Ab-
solute Percentage Error (MAPE), Root Mean Squared Er-
ror (RMSE), Mean Absolute Error 31, and the Coefficient
of Determination (R?)[31, described in Equations (6)-
(9). The lower the values of MAPE, RMSE, and MAE, the
more successful the prediction is. On the other hand,
an R? value that tends to 1 indicates a very fine corre-
lation among the predicted and observed values. Taken
together, these measures offer a balanced and reliable

evaluation of the model’s predictive strength.

100 :— O
MAPE = — S |4 Y (6)
n =1 Yi
MSE = /= S (g — 4 7)
== D i
MAE = L S ; 8
= Zizl\yi—yﬂ (8)
n A 2
R2 — 1_ Zi:l (yl — Y ) (9)

Sy (v — )

Where n = number of test samples.

y; = actual (observed) CO; emission value for the i™
sample.

yi = predicted CO; emission value for the i" sample.
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4. Results

4.1. Feature Importance

The feature importance of the four models is shown
in Figure 3. Upon analyzing the Random Forest Regres-
sor, it was found that electricity consumption (in kWh)
is the main determinant of CO, emissions for all house-
holds, depending on the scenario, between 80% and 95%
of the total predictor’s importance. For some households,
temperature may be regarded as a secondary factor that
indicates climate-driven energy requirements for heating
or cooling. Household size, income level, and hours have
a very slight effect, which means, from a predictive point
of view, these factors have a minor impact on electricity
usage. Overall, reducing electric power usage is the best
way to reduce household CO, emissions. The Extra Trees
Regressor model asserts that kWh electricity consump-
tion is the one and only predictor of CO, emission for the
ten households, taking almost all the importance (100%).
Other characteristics, including hours, income level, tem-
perature, and household size, have insignificant effects,
implying that they cannot add any predictive value when
considering electricity use. The analysis based on the
Support Vector Regressor (SVR) demonstrates that the
consumption of electricity (kWh) is the most important
predictor of the amount of CO, emitted by all houses, ac-
counting for more than 80-95% of the weight. In certain
households, temperature plays a minor role, correspond-
ing to the energy requirements of the Climate. The house-
hold size, income level, and hours do not significantly

100

impact or improve the predictive ability, in addition to
the usage of electricity. Altogether, SVR focuses on elec-
tricity as the most influential source of emissions, with
a negligible consideration of temperature impacts. The
XGBoost Regressor analysis indicates that electricity con-
sumption (kWh) is the only predictor that dominates CO,
emissions in all ten households, accounting for almost
100 per cent of the importance. The other characteristics,
such as hours, income level, temperature, and household
size, have only a minimal impact, meaning they do not sig-
nificantly contribute to the predictive value of electricity
use when considered.

The findings are in agreement with those of all
households, indicating the high dependence of the model
on direct electricity data. This implies that we can pre-
cisely predict the CO, emissions of households by observ-
ing their electricity consumption alone, but secondary fac-
tors are often overlooked. This is physically grounded,
as the primary source of emissions for these households
is grid electricity, whose carbon intensity is directly pro-
portional to consumption. The negligible importance of
temperature, income, and household size is likely due
to the study’s context; in the tropical climate of Minna,
temperature-driven heating/cooling loads are minimal,
and income variations within the sampled estate may not
be large enough to cause significant differences in appli-
ance ownership or usage intensity that aren’t already cap-
tured by the kWh reading. This finding simplifies the
monitoring premise, suggesting that in similar off gas-
grid, tropical urban settings, smart meter data alone may

be a robust proxy for household carbon footprint.
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Figure 3. Feature Importance for the Four (4) Prediction Models: (a) Random Forest; (b) Extra Trees Regressors; (c) Support
Vector Regressors; (d) XGBoost.
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4.2. Actual versus Predicted CO, Emission
on Test Datasets

As shown in Figure 4a-d, for Talba Estate, there is
avariance with their accuracies with respect to CO, emis-
sion predictions (based upon-date entered): Random
Forest Regressor, Extra Tree Regressor, Support Vector
Regressor (SVR), and XGBoost. Models perform well
upon smooth or moderate emissions (e.g., H1, H3, H5,
H6, H8) but are unable to manage the sharp peaks (e.g.,

H1 (Risk: Low, Score=0)
T T

H2, H4, H7). SVR underestimates sudden spikes, Extra
Trees smooth variations, Random Forest effectively cap-
tures trends with some deviations, and XGBoost closely
tracks peaks with minor underestimations. Households
9 and 10 show consistent tracking with slight smoothing.
Together, XGBoost and Random Forest are most suitable
for dynamic fluctuations, Extra Trees for trend estima-
tions, and SVR in stable conditions but less effectively in
volatile ones.
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Figure 4. Actual Versus Predicted Carbon dioxide Emission for the Four (4) Prediction Models: (a) Random Forest; (b) Extra

Trees Regressors; (c) Support Vector Regressors; (d) XGBoost.

The superior performance of XGBoost and tree
based ensembles (ETR and RFR) in capturing emission
spikes (e.g., in H2, H4 and H7) can be attributed to
their inherent ability to model non-linear, threshold-
based behaviors; such as the simultaneous activation of
high-wattage appliances. Conversely, SVR’s tendency to
smoot sharp peaks aligns with its formulation around an
epsilon-insensitive loss function, which treats minor de-
viations within a margin as zero error. The higher error
metrics for some households (e.g., H5, H6) likely reflects

more irregular, occupant-dependency activity patterns
that are less predictable from consistent variables like
hourly timestamp, highlighting the limit of models based

solely on scheduled or meteorological factors.

4.3. Model Evaluation Results

The comparative performance analysis across the
four machine learning models: Random Forest Regres-
sors (RFR), Extra Trees Regressors (ETR), Support Vec-
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tor Regressors (SVR), and XGBoost, is presented in Ta-
ble 1.

The ranking of performance is very evident in the
results, with ETR, SVR, and XGBoost being the top three.
The Random Forest Regressor, however, is RFR that
still managed to achieve moderate prediction accuracy
with overall MAPE of 1.34%, RMSE of 9.05, and R? of
0.9472. This shows a good fitting but still makes im-
provement possible, especially in the cases of house-
holds with higher load variability such as H6 and HS5,
which have comparatively higher RMSE and MSE values.
ETR, on the other hand, gives a major boost in predic-
tion performance and thus the overall MAPE is drasti-
cally reduced to 0.0160, RMSE to 0.1583, and R? is al-
most perfect of 0.9999, showing remarkable generaliza-
tion indeed. In addition, SVR provides support with an

overall MAPE of only 0.0243 and a highly proximate R?
0f 0.9999, especially in the aforementioned households
H1, H3, H4, H6, H8, and H9, where the errors in the
predictions are negligible. Yet, the case of H7 is differ-
ent as it shows a fairly high SVR error (MAPE = 0.1231,
RMSE = 0.7164), which signals that it is easily affected
by data irregularities. XGBoost, on the other hand, is
the best ranked overall by rightly combining very low
error metrics (overall MAPE = 0.0073, RMSE = 0.1463,
MAE = 0.0340) along with perfect predictive power (R?
~1.0000) and is thus the model that has consistently out-
run the others in all the households. Overall, while RFR
provides a decent baseline, ETR, SVR, and especially XG-
Boost demonstrate superior predictive accuracy and ro-
bustness, making XGBoost the most reliable model for
predicting CO; emissions in this study.

Table 1. Results of the models’ evaluation using MAPE, RMSE, MAE and R?.

Households (H) MAPE RMSE MAE MSE R? MAPE RMSE MAE MSE R?
Random Forest Regressors Extra Trees Regressors
H1 0.7716  4.1739 3.3165 17.4210 0.9278 0.0061 0.0375 0.0262 0.0014 0.9999
H2 1.5889  10.3700 7.3802 107.5300  0.9467 0.0195 0.1194 0.0883 0.0142 0.9999
H3 0.9791  9.9269 4.5129 98.5430 0.9353 0.0235 0.3895 0.1097 0.1517 0.9999
H4 1.1888  6.5676 5.1353 43.1340 0.9062 0.0138 0.0784 0.0586 0.0061 0.9999
H5 1.7262  10.7570 7.7719 115.7100  0.9165 0.0211 0.1499 0.0930 0.0225 0.9999
Hé6 22211  13.7600 10.5490 189.3400  0.9298 0.0248 0.1524 0.1160 0.0232 0.9999
H7 1.7675  10.1420 8.4045 102.8700  0.9372 0.0177 0.1151 0.0847 0.0132 0.9999
H8 0.9664  6.9219 4.4275 47.9120 0.9160 0.0109 0.0774 0.0499 0.0060 0.9999
H9 14145  8.8158 6.2937 77.7180 0.9251 0.0171 0.1030 0.0746 0.0106 0.9999
H10 0.8044  4.3729 3.4516 19.1220 0.9216 0.0061 0.0384 0.0260 0.0015 0.9999
Overall 1.3429  9.0515 6.1243 81.9300 0.9472 0.0160 0.1583 0.0727 0.0251 0.9999
Support Vector Regressors XGBoost

H1 0.0041  0.0366 0.0177 0.0013 0.9999 0.0025 0.0175 0.0110 0.0003 1.0000
H2 0.0520  0.2841 0.2393 0.0807 0.9999 0.0049 0.0433 0.0238 0.0019 1.0000
H3 0.0046  0.0288 0.0199 0.0008 1.0000 0.0233 0.4317 0.1142 0.1864 0.9999
H4 0.0022  0.0106 0.0093 0.0001 1.0000 0.0175 0.1147 0.0754 0.0131 0.9999
H5 0.0218  0.1103 0.0941 0.0122 0.9999 0.0048 0.0662 0.0231 0.0044 1.0000
H6 0.0110  0.0744 0.0525 0.0055 1.0000 0.0033 0.0337 0.0163 0.0011 1.0000
H7 0.1231  0.7164 0.5842 0.5132 0.9997 0.0044 0.0316 0.0211 0.0010 1.0000
H8 0.0159  0.0760 0.0705 0.0058 0.9999 0.0036 0.0430 0.0171 0.0018 1.0000
H9 0.0027  0.0133 0.0115 0.0002 1.0000 0.0057 0.0603 0.0261 0.0036 1.0000
H10 0.0051  0.0261 0.0221 0.0007 1.0000 0.0027 0.0164 0.0117 0.0003 1.0000
Overall 0.0243  0.2491 0.1121 0.0620 0.9999 0.0073 0.1463 0.0340 0.0214 0.9999

4.4. Risk Management Results

The risk management results for all four models:
Random Forest Regressor, Extra Trees Regressor, Sup-
port Vector Regressor, and XGBoost, are presented in Ta-
ble 2.

The overall risk assessments reveal steady low-risk
positions all the time for every household (H1-H10)
which is the way the small risk scores (all practically

0.0000 after rounding) indicate them. Regarding the
likelihood values, they are still 0.100 for every house-
hold, and then the impact values are so small that it is
hard to see them except for slight changes among the
households in the Random Forest and Extra Trees mod-
els but not at all in the SVR and XGBoost models where
it is almost impossible to notice them. One can, there-
fore, conclude that there is an extremely low chance of
any significant prediction error across all the used ma-
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chine learning methods. The chosen mitigation strategy

nance over a long period. In general, the results suggest

(MMPP: Monitor Models Performance Periodically) isen- that the four models are very reliable, resilient, and not

forced uniformly across the board, thereby guaranteeing

a potential source of error in the CO; estimation and pro-

ongoing evaluation of the models for accuracy mainte- jection process of any household.

Table 2. Risk management result.

H Likelihood Impact RiskScore Risk Mitigation Likelihood Impact RiskScore Risk Mitigation
Level Level

Random Forest Regressors Extra Trees Regressors

H1 0.100 7.7x1073 7.7 x107% Low  MMPP 0.100 2x1075 2x10°® Low  MMPP
H2 0.100 1.6 x 1072 1.6x 1073 Low  MMPP 0.100 1.8x107* 1.8x107° Low  MMPP
H3 0.100 1.07x1072 1.07x103 Low MMPP 0.100 2.8x107% 28x1075 Low  MMPP
H4 0.100 121x1072 1.21x103 Low MMPP 0.100 1.2x10™* 1.2x107° Low  MMPP
H5 0.100 1.79x 1072 1.79x103 Low  MMPP 0.100 1.7 x 1074 1.7 x 107> Low  MMPP
H6 0.100 225x1072  225x103 Low  MMPP 0.100 1.6 x 1074 1.6 x 1072 Low  MMPP
H7  0.100 1.76 x 1072 176 x103 Low  MMPP 0.100 1.9x 1074 1.9x 107> Low  MMPP
H8 0.100 9.8x 1073 9.80x10™* Low  MMPP 0.100 1.1x10™* 1.1x107° Low  MMPP
H9 0.100 147 x1072  1.47x103 Low  MMPP 0.100 195x107% 195x10° Low MMPP
H10 0.100 8.0x1073 8.0x 1074 Low  MMPP 0.100 1.5x 1075 1.5x 107 Low  MMPP

Support Vector Regressors XGBoost

H1 0.1000 42x107° 4.2 x10°° Low  MMPP 0.1000 3.1x1075 3.1x107° Low  MMPP
H2 0.1000 51x107% 5.1x107° Low  MMPP 0.1000 45x107° 45x10°° Low  MMPP
H3  0.1000 3.8x107° 3.8x107° Low  MMPP 0.1000 2.75x10™*  275x10° Low  MMPP
H4 0.1000 29x107° 29x107° Low  MMPP 0.1000 1.8x107* 1.80x10° Low  MMPP
H5 0.1000 195x10% 195x10> Low MMPP 0.1000 2.5%x107° 2.5x10°° Low  MMPP
H6  0.1000 1.05x10% 1.05x10™> Low MMPP 0.1000 3.5x107° 3.5x107 Low  MMPP
H7  0.1000 1.2x1073 1.2x107* Low  MMPP 0.1000 4x107° 4x10°° Low  MMPP
H8  0.1000 1.75x10™* 1.75x10> Low  MMPP 0.1000 2.2x107° 2.2x107° Low  MMPP
H9 0.1000 3.5x1075 3.50x10°® Low  MMPP 0.1000 3x107° 3x10°® Low  MMPP
H10 0.1000 2.5x1075 2.5x 1070 Low  MMPP 0.1000 2.8x1075 2.8x10°® Low  MMPP

Note: MMPP = Monitor Model Performance Periodically, H= Household.

5. Conclusions

This investigation reveals that the machine learn-
ing models developed, particularly XGBoost, can accu-
rately predict household carbon dioxide emissions in
developing country contexts such as Nigeria, even with
data obtained from only ten households. Very low error
values were obtained from the models which indicate
that their predictions are very stable and very uncertain
in spite of the dynamic changes. The consistently “Low
Risk” scores across all households and models are a di-
rect mathematical consequence of the exceptionally low
prediction errors (MAPE, MAE) achieved, particularly by
the top-performing models. This does not indicate a lack
of sensitivity in the risk metric but rather validates the
core robustness and reliability of the forecasting frame-
work for this dataset. The near-zero impact values con-
firm that prediction errors are minimal relative to the
actual emission scales. For policymakers, this low-risk

outcome is meaningful; it builds confidence that data-

driven models can provide stable baselines for monitor-
ing and targeting emission reductions at the household
level. A critical future step is to stress-test this frame-
work with noisier data or in less predictable settings to
define the boundaries of its low-risk applicability.

The above-mentioned results point out the great
potential inherent in pairing advanced predictive algo-
rithms with prediction-error risk management frame-
works to improve confidence in household CO; forecasts.
The integration of high-accuracy prediction with a for-
mal risk assessment provides a dual tool for climate ac-
tion. Technically, it demonstrates that machine learn-
ing can demystify household emissions, turning them
from an estimated average into a predictable, managed
variable. For policy, this enables targeted strategies:
utilities or regulators could use such a framework to
identify high-emitting households for tailored efficiency
programs or to reliably certify emission reductions for
carbon credit initiatives. The minimal role of socioe-

conomic variables in our model suggests that, in the
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near term, direct interventions on electricity consump-
tion through efficient appliances and renewable energy
integration would yield the most measurable impact, di-
rectly supporting SDG 13 targets and net-zero commu-
nity planning.

The findings, while accurate, are constrained by the
small and geographically narrow dataset (10 households
in one estate) and the exclusion of external variables like
policy shifts or technological adoption rates. The find-
ings propose that policymakers and utilities could inte-
grate such a predictive-risk framework into national car-
bon monitoring systems and design targeted incentive
or retrofit programs based on household emission pro-
files identified by the model, directly supporting SDG
13 and net-zero planning. The study addresses the lim-
itations for future work by suggesting expanding the
data cohort across diverse Nigeria climatic and socioe-
conomic zones, incorporating behavioral survey data on
appliance use, and developing user-friendly dashboard
platforms to enable real-time use by households and en-
ergy planners.
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