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Introduction

Mapping PM2.5 across a continent with almost no

ground truth 2 ) 5 IJ m

* Fine particulate matter (PM2.5, 2.5 micrometers or less) drives

severe cardiovascular and respiratory harm worldwide. Aerodynamic diameter or |ess, the size

fraction that lodges deep in the lungs
* The WHO 2021 guidelines set a strict annual mean target of 5
micrograms per cubic meter (WHO, 2021).

» Vast parts of Africa have no continuous ground monitoring to

check compliance. 5 p g/m3

» Exposure studies and air quality policy face a basic observational WHO 2021 annual mean guideline,
deficit. unmeasurable across most of Africa

» This study fuses satellite, reanalysis, and meteorology into a
reliability-aware PM2.5 map. It shows not just what the model
predicts, but where the prediction can be trusted. 847

Station-months from 404 monitors across
2016 to 2025, the entire training base



Problem Statement

Four problems break naive PM2.5 models in Africa

Health burden without data. PM2.5 causes severe
cardiovascular and respiratory harm, yet most of Africa
cannot measure it (Burnett et al., 2018).

Sparse, clustered monitors. 404 stations exist, packed into
South and West Africa. East Africa has 8, Central and North
Africa almost none.

Spatial leakage inflates scores. Random cross-validation
breaks Tobler's First Law and inflates R? by 20 to 30 percent
(Ploton et al., 2020).

Covariate shift invalidates uncertainty. Training and test
regions differ so much that standard uncertainty bounds fail
(Barber et al., 2023).
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Literature Review

c Satellite—Reanalysis
Fusion

» Hammer et al. (2020) and van

Donkelaar et al. (2021) joined
satellite AOD with GEOS-Chem to
widen global coverage.

In data-sparse regions, satellite-
driven methods can beat
transport models (Diao et al.,
2019).

Tang et al. (2024) flagged severe
data gaps in East African cities.

Porcheddu et al. (2024) corrected
model output with machine
learning, cutting error sharply.

e Spatial Cross-Validation

Roberts et al. (2017) required
validation that respects spatial
structure.

Ploton et al. (2020) showed
random splits hide poor predictive
skill.

Schratz et al. (2019) nested
hyperparameter tuning inside
spatial folds.

Wadoux et al. (2021) gave a
counterpoint on when spatial CV
is too strict.

e Conformal Prediction

Split-conformal prediction gives
distribution-free intervals (Vovk et
al., 2005).

Barber et al. (2023) showed
exchangeability breaks under
distribution shift.

Kang et al. (2024) proposed
GeoConformal, weighting scores
by spatial proximity.

Mao et al. (2024) developed
smoothed local spatial conformal
prediction.



Methodology

STAGE 1 - DATA
SOURCES

Ground Monitors
(OpenAQ)

Satellite AOD & NO,
(MODIS, TROPOMI)

Reanalysis
(ERAS5 Meteorology)

Geographic Features
(Lat, Lon, Elevation)

STAGE 2 -
PREPROCESSING

« Quality Control
(threshold: 1000
pg/m®)

« Spatial-temporal
alignment

« Feature
engineering

STAGE 3 -
MODEL TRAINING

LighiGBM | XGBoost

Nested Spatial CV
(5-fold location-grouped)

STAGE 4 -
UNCERTAINTY
QUANTIFICATION

 Split Conformal
Prediction

« Spatially-grouped
calibration set

* 90% prediction
intervals

STAGE 5 - OUTPUT

PM2.5 Predictions

Confidence Intervals

SHAP Explainability

Reliability Flags

(High/Medium/Low/
Unreliable)

Fig. 2 - Five stages: data sources, quality-controlled preprocessing, model training,
uncertainty quantification, and reliability-flagged output.

Multi-source data fusion
15 predictors from satellite, ERA5 reanalysis, and
geography.

Nested spatial cross-validation
5-fold outer evaluation, 3-fold inner tuning, no
geographic leakage.

Conformal prediction
90 percent intervals from spatially disjoint
calibration sets.

Four-tier reliability flags
Tiers set by AQI bin widths and fold-level R2.



Experimental Evaluation

Data and honest evaluation protocol

Parameter LightGBM XGBoost
» 847 station-months from 404 OpenAQ monitors, 2016 to 2025. Learning rate 0.05 0.03
* Upper cleaning threshold of 1000 micrograms per cubic meter,
NI . . Max depth 6 7
justified by Harmattan dust and biomass burning.
» 15 predictors from satellite, ERA5, and geography. Num. estimators 800 1,000
+ 5-fold outer evaluation, 3-fold inner tuning (Optuna, 100 trials per | win. data in leaf 20 i
fold).
Min. child weight - 5
Nested Spatial Cross-Validation
Feature fraction 0.7 0.8
& Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
3 - Test Fold Bagging fraction 0.8 0.85
= Outer Training Data (held out)
g (Spatial Grouping Enforced) E?;I::l]i?)ln
2 ] Fig. 3 - Nested spatial Reg. alpha (L1) 0.1 0.05
s possosmmetenase |, CV. Inner loop tunes ;
-------------------------- and test set E(Vusul;fﬂsé::" outer IOOP tests on Reg. lambda (L2) 1.0 1.5
Test Set) .
: unseen regions . Num. leaves 31 i
5 Inner Retrain Final
5 ol — D e
z! . e | [ b Subsample - 0.8

Hyperparameter Optimization Loop
(Bayesian Search)



Results and Discussion

Model / Region

LightGBM - Overall 0.134 28.7 83.4%
South Africa 0.312 19.2 91.3%
West Africa 0.187 31.5 88.7%
East Africa -0.749 52.3 62.1%

XGBoost — Overall 0.155 27.4 84.1%
South Africa 0.341 18.6 91.8%
West Africa 0.203 30.1 89.2%
East Africa -0.682 49.8 64.3%

What the numbers say

« Spatial CV cuts R2 from above 0.90 to 0.13-0.15, the true interpolation
versus prediction gap.

» South Africa is reliable: R2 up to 0.34, coverage near 91 percent.

+ SHAP ranks latitude, longitude, satellite AOD, and NO2 as the top drivers
(Lundberg & Lee, 2017).
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East Africa fails by design, not by chance

R2 = -0.75 and coverage 62.1 percent against a 90 percent
target. A severe latitude shift (KS = 0.682) forces the model to
extrapolate, and the Harmattan flag misleads where the ITCZ
governs the weather.



Conclusion

Where the map can be trusted Honest spatial scores

Gradient-boosted models reach R? of 0.13 to 0.15 under spatial cross-
validation. This shows the real gap between interpolation and true prediction
(Ploton et al., 2020).
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East Africa breaks down

The East Africa fold drops to R? = -0.75. Harmattan and ITCZ divergence plus
a severe latitude shift drive the failure (KS = 0.682).
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Coverage collapses

Conformal coverage falls to 62.1% in East Africa. Broken exchangeability
makes the prediction intervals invalid there (Barber et al., 2023).
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unreliable predictions across Central and East Africa.




Conclusion
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Implications

Health risk. AQI advisories hold only in High zones
where width stays under 40 pg/mé3. Unreliable zones
cannot replace physical measurements.

Climate finance. An Unreliable flag gates carbon
crediting and industrial permitting under SDGs 3.9,
9, and 11.6 (United Nations, 2015).

Monitor deployment. Interval width paired with
WorldPop density (Tatem, 2017) ranks high-burden,
high-uncertainty areas. East Africa comes first.

CTM covariates. Add MERRA-2 (Randles et al.,
2017) and CAMS (Inness et al., 2019), with post-
process correction (Porcheddu et al., 2024).

Spatial conformal. Move to GeoConformal (Kang et
al., 2024) or SLSCP (Mao et al., 2024) to restore
valid coverage.

Region models. Build sub-continental models with
ITCZ position indicators for East Africa, replacing
one pan-African model.

More sensors. Deploy targeted low-cost sensor
arrays in the highest-priority Unreliable zones, led by
East African cities.
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