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10 Abstract

11 Air-quality sensor placement that prioritizes population proximity while accounting for urban
12 context can support environmental health surveillance, but many cities lack reliable pollution surfaces
13 to guide placement. LOCATE is a data-light, context-aware GeoAl decision-support framework
14 for pre-deployment planning that prioritizes proximity to modelled residential population while
15 incorporating OpenStreetMap road and building information. We compared 6 feature-informed
16 clustering methods, 2 feature-informed allocation methods, and 2 uninformed spatial baselines in
17 Kampala, Jinja, Nairobi, and Lagos City across nine sensor budgets (N = 5, 10, 20, 30, 40, 50, 60,
18 70, and 80), with 20 seeds for stochastic methods. Internal clustering diagnostics were evaluated
19 separately from final-layout planning metrics. Under the declared population-and-context composite
20 objective, the context-augmented population-weighted p-median heuristic ranked first in all 4 cities,
21 while KMeans produced the strongest mean internal diagnostics among fixed-count clustering methods
22 across the retained seven-budget diagnostic subset. Coverage improved with budget but remained
23 lower in the larger Lagos City and Nairobi domains. LOCATE therefore supports population-oriented
24 and urban-context-aware planning before installation, when observations at proposed sites do not yet
25 exist; its outputs are planning shortlists rather than evidence of pollution reconstruction, exposure
26 accuracy, or field feasibility.

27 Keywords: air-quality monitoring; geospatial artificial intelligence; population-oriented sensor placement; urban

N

s context; location—allocation; environmental health surveillance; decision support; low-cost sensors; OpenStreetMap.
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1 Introduction

Air-quality monitoring is an important component of environmental health surveillance, supporting
exposure assessment, public communication, source-control policy, and evaluation of environmental
interventions. In many low- and middle-income cities, however, reference-grade networks remain
sparse because instruments, station infrastructure, calibration, specialist personnel, and long-term
maintenance are costly (deSouza et al., 2020; Bainomugisha et al., 2023). Satellite products
and atmospheric models extend spatial information, but locally operated ground observations
remain necessary for evaluating those products and interpreting neighbourhood-scale conditions.
Lower-cost sensors provide a practical route to denser and more flexible monitoring, provided that
calibration, quality assurance, and operational performance are adequately managed (Clements
et al., 2022; Frederickson et al., 2022; Okorn and Iraci, 2024).

The value of a sensor network depends not only on the number of instruments but also on where
they are placed and what the network is intended to represent. Urban-background monitoring
generally favours spatial balance and separation from immediate sources, traffic-oriented monitoring
favours road corridors and intersections, and population-oriented monitoring favours proximity to
residential concentrations. In this study, population-oriented and context-aware placement means
that proximity to modelled residential population is the primary objective, while road and building
variables provide secondary information about the urban settings represented by proposed monitors.
It does not estimate individual exposure or imply spatially uniform pollution. Source-attribution
and intervention studies may require paired, repeated, or upwind-downwind locations. The same
city and sensor budget defined here as the number of sensors available for placement can therefore
support several defensible layouts, each corresponding to a different objective. Site placement
should consequently be treated as an explicit design problem rather than as a final logistical decision
(Kanaroglou et al., 2005; Clements et al., 2022).

This problem is especially consequential in African cities, where monitoring may exist but routine
observations, detailed emissions inventories, and validated urban dispersion models can remain
insufficient to construct a reliable citywide prior pollution surface. In this study, data-constrained
describes limited inputs for placement optimization rather than the complete absence of deployed
sensors. At the pre-deployment stage, observations from proposed sites do not yet exist, so planning
must use the spatial demand and contextual information already available while reserving pollution
and field validation for later stages. Relevant sources include road transport, industrial activity,
open waste burning, and household fuel use, as documented for Kampala (Okure et al., 2025).
Cities also differ substantially in administrative extent, boundary geometry, settlement density, road
structure, and population distribution. A network size that provides broad population proximity
in a compact secondary city may leave extensive gaps in a larger metropolitan domain. Sensor
requirements should therefore be evaluated from city-specific evidence rather than transferred
directly from another city or prescribed as a universal target.

Network-design approaches include location-allocation models, geostatistical optimization,
emissions and dispersion models, wireless-network optimization, suitability analysis, and
multi-objective formulations (Kanaroglou et al., 2005; Boubrima et al., 2019; Mukherjee et al.,
2020; Fattoruso et al., 2020; Ajnoti et al., 2024). Their principal strength is alignment with a
specified objective such as reconstruction error, information gain, source influence, communication
cost, exposure, or equity. Their application can nevertheless be constrained when a city lacks a
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prior pollution field, a validated atmospheric model, a detailed emissions inventory, or consistently
complete local covariates. Under these conditions, a transparent coverage-oriented design provides
a defensible starting point, although its conclusions must remain narrower than those of a network
validated against pollution observations.

Unsupervised clustering and location-allocation methods can generate such initial layouts without
historical pollutant measurements, but they formalize different design questions. Clustering
methods represent the candidate feature space through compact, probabilistic, hierarchical, or
density-defined groups. Location-allocation methods instead select feasible facilities according to
explicit criteria such as demand-weighted proximity or separation across spatial and contextual
conditions. These method families are related but should not be judged using a single form
of evidence. Internal clustering diagnostics describe the structure of candidate groups before
site mapping and repair, whereas deployment metrics evaluate residents’ proximity to proposed
monitors, population coverage, residual geographic gaps, contextual representation, and compliance
with placement constraints. A valid comparison should therefore use common candidate locations,
budgets, contextual inputs, and feasibility rules, while reporting stochastic variability where
applicable.

Open geospatial data can make placement context-aware without implying that it is optimized
for pollution. WorldPop provides a gridded representation of population distribution that can
enter fitting as a demand weight and can also evaluate nearest-site distance and threshold coverage
(Tatem, 2017; WorldPop and Center for International Earth Science Information Network, 2018).
OpenStreetMap (OSM) provides road density, intersections, building counts, and footprint coverage
that can distinguish urban contexts represented by proposed sites (Haklay and Weber, 2008;
OpenStreetMap contributors, 2026). In LOCATE, these variables were used both to construct
a common feature representation for feature-informed methods and to characterize final layouts.
They remain proxies: neither source directly measures emissions or pollutant concentrations, and
neither confirms access, security, power, communications, airflow, or host willingness.

The study was designed for the pre-deployment stage of public-sector network planning. LOCATE
produces candidate-site shortlists for institutional and field review rather than automatic
installation decisions.

LOCATE combines boundary-constrained candidate generation; a robustly scaled feature space
containing projected coordinates, population density, roads, intersections, buildings, and building
coverage; six clustering methods; two feature-informed allocation methods; two uninformed spatial
baselines; common feasibility repair; population, geographic, and urban-context assessment;
and repeated runs of stochastic methods. Internal cluster structure and final-layout planning
performance were evaluated separately so that compact feature-space representation was not
treated as equivalent to deployment coverage and contextual representation. Existing monitors
can be retained as fixed sites before the remaining budget is allocated.

The main research question is: How can spatial allocation, modelled population, and OSM-derived
urban context be combined in a reproducible data-light framework to support population-oriented
and urban-context-aware pre-deployment planning across cities and sensor budgets when a reliable
prior pollution surface is unavailable or deliberately excluded? The study addresses this question
in Kampala and Jinja, Uganda; Nairobi, Kenya; and Lagos City, Nigeria, for budgets of N =5, 10,
20, 30, 40, 50, 60, 70, and 80 sites. Existing monitor locations and measurements were withheld
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from the main comparison so that the experiment represented prospective planning from spatial
inputs available before proposed sites are instrumented. Specifically, the study examines: (i) how
population-weighted and geographic coverage change with budget; (ii) which method performs best
under a declared population-coverage-urban-context composite; (iii) which fixed-count clustering
method produces the strongest internal diagnostics; and (iv) whether the conclusions are consistent
across cities of different scale and form. The study does not estimate pollution reconstruction
accuracy, hotspot-detection performance, source attribution, regulatory representativeness, realized
exposure, or field feasibility.

2 Data and Methods

The analysis used five stages: input and constraint definition; spatial and contextual feature
preparation; model fitting; feasibility repair and layout evaluation; and ranking and output
generation (Figure 1). Operational pollutant measurements were excluded. Internal clustering
diagnostics were calculated from pre-repair labels, and layout metrics were calculated from the
final repaired coordinates.

1. Inputs

e City boundary
e Site budget N
e Minimum
spacing dmin

e Optional fixed
sites

e WorldPop and
OSM sources

2. Spatial
preparation

e Validate
boundary

e Project to metric
CRS

e Sample 5,000
candidates

e Generate 8,000
evaluation points
o Build

robustly scaled
spatial-context
features

field review, exclusions, and revised constraints

3. Placement
models

e Six clustering
methods

e Two allocation
methods

e Two spatial
baselines

e N =5, 10, 20,
30, 40, 50, 60, 70,
80

e 20 seeds per
stochastic method
e Pre-repair
cluster diagnostics

4. Repair and
evaluation

e Map outputs to
candidates

e Enforce
uniqueness, fixed
sites, and dmin

e Apply feasible
top-ups

e Calculate
population,
geographic, and
contextual metrics
e Record runtime

5. Ranking and
outputs

e Normalize
final-layout metrics
e Calculate
composite scores
e Rank layouts
within city and
budget

e Save maps,
coordinates, and
run manifest

e Produce
field-screening
shortlist

Figure 1: Analytical workflow for generating, evaluating, and ranking pre-deployment sensor
layouts. Internal clustering diagnostics are calculated before feasibility repair, and field review
can revise constraints before deployment.

2.1 Study area

The evaluation covers Kampala and Jinja in Uganda, Nairobi in Kenya, and Lagos City in Nigeria.
These cities were purposively selected to test the framework across contrasting population sizes,
urban forms, infrastructure systems, and environmental constraints rather than to represent all
African urban areas statistically. Kampala and Jinja provide a within-country comparison between
a densely developed national capital and a smaller secondary industrial city; Nairobi adds a large
regional capital with heterogeneous land uses and multimodal transport; and Lagos City provides
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a coastal metropolitan-region case with extensive waterways and fragmented developable land.
Uganda’s 2024 census recorded 1,797,722 residents in Kampala Capital City and 279,184 in Jinja
City, Kenya’s 2019 census recorded 4,397,073 residents in Nairobi City County, and UN-Habitat
estimated 14.368 million residents in the Lagos urban agglomeration in 2020 (Uganda Bureau of
Statistics, 2024; Kenya National Bureau of Statistics, 2019; United Nations Human Settlements
Programme, 2020). Because these figures refer to different geographic definitions and reference
years, and the Lagos figure is an estimate rather than a census count, they are used only to
indicate relative urban scale and were not model inputs.

The cities also provide distinct infrastructure conditions for sensor placement. Kampala combines
dense residential, commercial, and industrial development with a radial road network and continuing
road, drainage, mass-transit, and commuter-rail investment, whereas Jinja combines established
industrial and urban roads with newly incorporated, less densely developed areas (Kampala Capital
City Authority, 2025; Jinja City Council and Ministry of Lands, Housing and Urban Development,
2022). Nairobi contains major highways, arterial roads, railways, airports, and dense formal and
informal development, but its administrative domain also includes the approximately 117 km?
Nairobi National Park (Nairobi City County Government, 2023; Kenya Wildlife Service, n.d.).
Lagos City combines roads, ports, buses, and ferries across islands, lagoons, creeks, and wetlands,
creating a substantially different infrastructure and accessibility pattern (Lagos State Resilience
Office, 2020).

2.2 Evaluation design and sensor budgets

The sensor budget N was defined as the target number of monitoring locations, with one sensor
assigned to each selected site. Nine budgets were evaluated: N € {5, 10, 20, 30, 40, 50, 60, 70, 80}.
A minimum pairwise separation of dy;, = 0.5 km was applied to every layout. The same budgets
and spacing value were used for all four cities. Table 1 summarizes the experimental design.

Table 1: Component and specificication

Component Specification

Study cities Kampala, Jinja, Nairobi, and Lagos City

Site budgets N =5, 10, 20, 30, 40, 50, 60, 70, and 80

Master candidate 5,000

locations

Evaluation locations 8,000

Minimum site separation 0.5 km

Placement approaches 6 clustering, 2 feature-informed allocation, and 2 uninformed
baseline methods

OSM context radii 50 and 100 m

Population surface WorldPop 2020, approximately 1 km
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2.3 Population and urban context data

The 2020 WorldPop population-density surfaces for Uganda, Kenya, and Nigeria, provided at
30 arc-second resolution (approximately 1 km at the equator) and adjusted to United Nations
Population Division totals, supplied candidate features, demand weights, and evaluation weights
(Tatem, 2017; WorldPop and Center for International Earth Science Information Network, 2018).
The country-specific surfaces were supplied as GeoTIFF (.tif) raster files: the Uganda raster was
used for Kampala and Jinja, the Kenya raster for Nairobi, and the Nigeria raster for Lagos City.
These modelled values were treated as comparative spatial weights rather than household-level
counts. For a proposed sensor layout 7', the exploratory population-context index using a 500-m
(0.5-km) buffer radius was defined as

Lsoo(T) = 7(0.5)* > _ psoo(t), (1)

teT

where ps00(t) is the mean population density within a 500-m (0.5-km) buffer radius of site
t.  Overlapping buffers were not dissolved before summation. OSM driveable-road and
building-footprint attributes were attached to candidates using projected layers, nearest-feature
joins, and 50- and 100-m circular buffers (OpenStreetMap contributors, 2026; Haklay and Weber,
2008). Major roads comprised motorway, trunk, primary, and secondary classes, and intersections
were nodes with at least three incident streets. Table 2 lists the derived variables. The 100-m
road density, intersection count, building count, and building coverage fraction entered the feature
matrix; the remaining variables were retained as site attributes. Query failures and missing layers
were recorded. Features with fewer than two valid values or no within-comparison variation were
excluded from composite-score normalization.

Table 2: Road and building context variables derived from OpenStreetMap.

Layer Nearest-feature  and  classification Variables calculated within 50- and 100-m
variables buffers

Driveable Nearest-road  class; nearest-road Clipped total road length; road density in

roads distance; road-within-50-m  and m km~?2; number of nodes with at least
road-within-100-m indicators; three incident streets
major-road-within-100-m indicator

Buildings Nearest-building type; nearest-building Number of intersecting building footprints;
distance; building-within-50-m and clipped footprint area in m?; building
building-within-100-m indicators coverage fraction of the circular buffer

2.4 Candidate generation and spatial representation

For each city, a master candidate set C' = {c1,...,¢c5000} and a separate evaluation set E =
{e1,...,es000} were sampled uniformly by area within the projected boundary using independent
seeds. The same C' and E sets were reused for every method and sensor budget within that city:
C' supplied the common candidate locations, while E supplied the common support for coverage
evaluation. Beyond holes already encoded in the boundary geometry, no separate permanent-water
or protected-area exclusion mask was applied. Candidates and uniform evaluation points could
therefore occur in water bodies or protected land retained within an analytical polygon. This
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preserves a standardized full-domain comparison, but it means that the upper-tail geographic
endpoint represents the full boundary rather than eligible residential land alone.

Uniform candidates represent equal geographic area rather than equal population or emissions
potential. Each candidate was represented by projected easting and northing, log-transformed
population density, log-transformed 100-m road density and intersection count, log-transformed
100-m building count, and 100-m building coverage fraction. Missing values were median-imputed
within each city. Features were robustly scaled using the 10th—90th percentile range and clipped
to [—6,6] to limit the influence of extreme values. Group weights were 1.00 for space, 1.25 for
population, 1.00 for roads, and 1.00 for buildings; weights for space, roads, and buildings were
divided equally between their two component variables. Longitude and latitude were retained for
exchange and display, while spacing, buffering, and coverage calculations used projected metre
coordinates.

2.5 Location-allocation, clustering, and baseline methods

The ten placement approaches were organized into four groups. Direct allocation comprised
the context-augmented population-weighted p-median heuristic and feature-space maximin.
Fixed-count clustering comprised KMeans, the approximate K-medoids procedure, Gaussian
mixture modelling (GMM), and Ward-linkage agglomerative clustering. DBSCAN and HDBSCAN
formed the density-based group, while random selection and a hexagonal-grid approximation served
as uninformed spatial baselines. Let x; denote the projected coordinates and z; the fused, robustly
scaled feature vector of candidate ¢; € C. Wherever a method used distance, it used Euclidean
distance in the indicated projected-coordinate or fused-feature space. Table 3 summarizes the
implemented settings; estimator options not listed in the notebook were left at the defaults of the
software versions recorded in the run manifest.
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Table 3: Implemented placement algorithms and verified principal parameters. Every method
returned an ordered list of master-candidate indices that subsequently entered the same geographic
feasibility-repair procedure.

Method Category and fitting Verified settings and initialization Candidate-site proposal

space
p-median Direct allocation; Facility pool Selected facility candidates in greedy
heuristic projected geography min(|C|, max(600,3N)); 3,000 order, modified by accepted swaps

with population demand sampled demand points;

and contextual reward A = 0.25 km; greedy addition; at
most two swap passes; seeded
pool and demand sampling

Maximin Direct allocation; fused  One uniformly seeded starting Candidates selected directly from C'
features candidate; farthest-first traversal
to N candidates
KMeans Fixed-count clustering; N clusters; 30 initializations; Each fitted centroid mapped
fused features Lloyd algorithm; seeded estimator independently to its nearest
candidate in fused-feature space
Approximate Fixed-count clustering; One seeded subsample of Final medoids are sampled master
K-medoids fused features min(|C|, max(700,3N)) candidates; all candidates labelled by
candidates; N random initial their nearest returned medoid
medoids; at most 20 update
iterations
GMM Fixed-count probabilistic N full-covariance Gaussian Each component mean mapped
clustering; fused features components; 10 initializations; independently to its nearest
seeded estimator candidate in fused-feature space
Ward Fixed-count hierarchical N clusters; Ward linkage; Each cluster represented by an exact
agglomerative clustering; fused features deterministic fit or bounded-search feature-space
medoid
DBSCAN Density-based clustering; e = 0.85 feature units; minimum  Noise excluded; at most the N largest
fused features samples = 20; Euclidean non-noise clusters represented by
neighbourhoods; deterministic fit medoids
HDBSCAN Hierarchical Minimum cluster size = 80; Noise excluded; at most the N largest
density-based clustering; minimum samples = 15; non-noise clusters represented by
fused features deterministic fit medoids
Random baseline Uninformed baseline Seeded uniform sample of N Sampled candidates returned in draw
distinct master candidates order
Hex-grid baseline Geographic baseline; Staggered lattice; spacing In-boundary lattice nodes mapped to
projected coordinates searched for at most 24 bisection nearest geographic candidates; excess
iterations from 50 m to the unique candidates reduced by
maximum boundary-box extent geographic maximin

Context-augmented population-weighted p-median heuristic. The p-median is a discrete
facility-location model that selects N facilities to reduce weighted demand-to-facility distance
(Hakimi, 1964; Teitz and Bart, 1968). The implemented method augmented this criterion with
a small reward for urban-context priority and used restricted candidate and demand sets for
computational tractability. For seed r, the facility pool P. C C contained

|P;| = min{|C|, max(600,3N)}. (2)

Half of this pool comprised candidates with the highest context-priority scores, and the remainder
was sampled without replacement from the other candidates. For the evaluated budgets, |P.| = 600.
The demand set D, C E was a seed-specific sample of 3,000 evaluation points. WorldPop weights
within D, were normalized to sum to one; if their sum had been zero, the implementation would have
substituted uniform weights. Context priority gs € [0, 1] was the weighted mean of percentile-scaled
population, road, and building priorities, using weights 1.25:1:1. For selected set S C P,, |S| = N,
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the implemented objective was

Ir( Z w; IsIéll’l d(e;, s Z s, (3)

ezeDr SGS

where w; = w;/ ZejeDT wj, d(e;, s) is projected distance in kilometres, and A = 0.25 km. Starting
with § = &, greedy addition evaluated every unselected facility and appended the candidate
producing the smallest post-addition value of Equation 3. The algorithm then made at most two
ordered swap passes. At each selected position, it temporarily retained the other NV — 1 facilities,
evaluated replacement by every currently unselected facility, and accepted a replacement only when
it reduced .J, by more than 1079, It stopped early when a complete pass accepted no swap. Thus,
population influenced demand weights, while population, roads, and buildings influenced both
construction of P, and the reward term. The method was a seeded greedy add-and-swap heuristic,
not an exact p-median optimizer and not a pure population-only p-median.

Feature-space maximin. Maximin used a seeded farthest-first traversal (Gonzalez, 1985). It
chose the first candidate uniformly from C. If Sy denotes the k candidates already proposed, the
next proposal was

Ck+1 = arg max min||z. — zs||2. (4)

ceC\Sy €5k

Distances to the selected set were updated incrementally until N candidates had been proposed.
Eligibility and geographic separation were not incorporated into this traversal; they were imposed by
the common repair step. The method therefore promoted diversity across spatial, population, road,
and building features rather than directly minimizing population-weighted geographic distance.

KMeans. KMeans partitioned all candidates into N groups by minimizing within-cluster squared
Euclidean distance in fused-feature space,

' i ) 5
{a;}rﬁgk}z > llzi— il (5)

k=11i:a;,=k

where a; assigns candidate i to cluster k and gy, is its centroid (MacQueen, 1967; Pedregosa et al.,
2011). The scikit-learn implementation used 30 initializations, the Lloyd algorithm, copy _x=False,
and the run seed as random_state; the initialization rule and numerical convergence settings were
not overridden in the notebook and therefore followed the archived package-version defaults. Each
fitted centroid was mapped independently to

sx. = arg min|z; — g . (6)
c;eC

This was feature-space snapping, not geographic snapping. Independent mapping could return the

same candidate for more than one centroid; duplicates were subsequently rejected and replaced

during common repair.
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Approximate K-medoids. The custom procedure was a single-subsample, CLARA-style
approximation rather than an exhaustive Partitioning Around Medoids search (Kaufman and
Rousseeuw, 1990). For each seed it sampled without replacement

M = min{|C|, max(700,3N)} (7)

candidates; M = 700 for all reported budgets. It initialized N distinct medoids uniformly within
this sample. Each iteration assigned sampled candidate i to its nearest current medoid and updated
cluster GGy, to the observed candidate

my = arg min Z llzi — zj]|2. (8)
CjEGk CiGGk

For a cluster containing more than 600 sampled candidates, the minimization in Equation 8
was restricted to 600 seeded candidate medoids while retaining all cluster members in the cost
calculation. Iteration stopped when the medoid indices were unchanged or after 20 iterations.
The final medoids were already master candidates and therefore required no centroid-snapping
operation. For internal diagnostics, every master candidate was labelled by its nearest returned
medoid before feasibility repair.

Gaussian mixture model. GMM fitted N full-covariance Gaussian components to the fused
features by maximizing the mixture log-likelihood

€] N
()= log [Z k(25 g, Zie) | (9)

i=1 k=1

using 10 initializations, full covariance matrices, and the run seed (Fraley and Raftery, 2002).
Component initialization and numerical stopping settings were not overridden in the notebook and
therefore followed the archived package-version defaults. Candidates were labelled by their fitted
component assignments. Each component mean p; was mapped independently to the nearest
master candidate in fused-feature space using Equation 6; duplicate or geographically conflicting
proposals were handled only during common repair.

Ward-linkage agglomerative clustering. Ward clustering began with singleton candidates
and repeatedly merged the pair of clusters causing the smallest increase in total within-cluster sum
of squares until N clusters remained (Murtagh and Contreras, 2012). If A and B are candidate
clusters, the Ward merge cost is proportional to
[AIBl

A(A,B) = WHZA —z|j3 (10)
FEach final cluster was represented by its feature-space medoid. The medoid was exact for clusters
of at most 600 candidates; for larger clusters, 600 possible medoids were sampled with fixed seed 0
and the candidate minimizing total distance from all cluster members was returned. The fixed seed
made this bounded medoid search reproducible, and the complete Ward procedure was treated as
deterministic under the fixed candidate set.

10
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DBSCAN and HDBSCAN. DBSCAN defined the e-neighbourhood of candidate ¢ as
Ne(@) =17« ||z — zjll2 < e}, (11)

with ¢ = 0.85 in fused-feature units and min samples= 20 (Ester et al., 1996). Candidates
satisfying the core-point rule were joined through density reachability, while candidates not
assigned to a density-connected cluster received noise label —1. HDBSCAN constructed a
hierarchy from mutual-reachability structure using minimum cluster size 80 and minimum samples
15; other selection settings were the package defaults recorded with the computational environment
(Campello et al., 2013). Neither density method was instructed to return N clusters. Noise-labelled
candidates were excluded when forming site proposals. Non-noise clusters were ordered from largest
to smallest; if more than N were found, only the N largest were represented. Each retained cluster
used the same exact-or-bounded feature-space medoid rule described for Ward clustering, with
fixed seed 0 for clusters exceeding 600 candidates. If fewer than NN representatives survived, the
common geographic maximin top-up supplied the remaining sites. Such final layouts are therefore
density-informed hybrid layouts rather than unmodified DBSCAN or HDBSCAN outputs.

Random and hexagonal-grid baselines. The random baseline drew N distinct indices
uniformly without replacement from the master candidate set using the run seed; it fitted no
spatial, population, road, or building objective. The deterministic hexagonal-grid approximation
constructed a staggered triangular lattice in projected coordinates. For horizontal spacing h,
consecutive rows were separated by hy/3/2 and alternating rows were offset by h/2. Only
lattice nodes covered by the projected boundary were retained. A bisection search over
h € [50 m,max(W, H)], where W and H are the boundary bounding-box dimensions, ran
for at most 24 iterations and retained the lattice whose number of in-boundary nodes was closest
to N. Each lattice node was then mapped to its nearest master candidate in projected geographic
space, and duplicate candidate indices were removed. If this produced more than N unique
candidates, a geographic maximin traversal with fixed seed 0 retained N of them; if fewer than N
remained, the common repair procedure supplied geographic maximin top-ups.

Candidate representation and entry into feasibility repair. KMeans and GMM were the
only methods whose fitted representatives were continuous feature-space centres; these centres were
independently snapped to nearest master candidates in fused-feature space. Hexagonal-grid nodes
were continuous geographic points and were snapped in projected coordinate space. K-medoids,
Ward, DBSCAN, and HDBSCAN returned observed cluster members as medoids, while the
p-median heuristic, maximin, and random baseline selected master candidates directly. Snapping
did not itself enforce candidate eligibility, uniqueness, or the 0.5-km geographic separation rule.
All proposed indices, including duplicate or ineligible snaps, were passed in their returned order to
the common repair procedure described below.

2.6 Repeated runs and metric reporting

For each city and budget, KMeans, approximate K-medoids, GMM, random selection, feature-space
maximin, and context-augmented population-weighted p-median were run with all 20 seeds from
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101 to 120 (Gentle, 2003). The seed controlled the KMeans and GMM estimator initialization, the
K-medoids candidate sample and initial medoids, random candidate selection, the initial maximin
candidate, and the p-median facility-pool and demand-set samples. Each run continued until the
method-specific stopping rule was reached: selection of N candidates for random and maximin,
estimator convergence for KMeans and GMM, unchanged medoids or 20 iterations for K-medoids,
and two swap passes or one complete non-improving pass for p-median. The boundary, master
candidate set, evaluation set, and contextual sources remained fixed across seeds. Hexagonal-grid,
Ward agglomerative, DBSCAN, and HDBSCAN were deterministic under the specified inputs and
were fitted once. Their outputs were stored with seed 101 as a reference identifier only; seed 101
did not represent repeated stochastic fitting for these methods.

For each stochastic method, city, and budget, successful final-layout runs were reduced to one
method-level value per metric using the median across seeds; the interquartile range was retained
to describe run-to-run variability. Each deterministic method contributed its single value under
the fixed candidate set. The deterministic value was compared with the stochastic median but was
not interpreted as a seed distribution or as evidence of zero uncertainty. Interquartile ranges were
reported descriptively and did not enter the composite score. Internal diagnostics were calculated
from pre-repair labels for the six clustering methods. The retained internal-diagnostic table reports
mean values across runs and the seven-budget subset N = 5, 10, 20, 30, 40, 50, and 60 within each
city. Additional checks at N = 70 and NV = 80 were used to assess ranking stability. DBSCAN
and HDBSCAN values describe native clusters before top-up and repair. All comparisons were
descriptive; no formal cross-city hypothesis tests were performed.

2.7 Constraint handling and optional fixed locations

Let F be a set of valid fixed locations and let S be the model-selected candidates. Fixed sites are
checked against the boundary and the spacing rule before model selection. For the main multicity
comparison, F' was empty despite the presence of deployed monitors, because the purpose was to
construct a common counterfactual benchmark rather than to redesign any operational network.
In practical network expansion, existing monitors can be included in F'; the implementation then
retains the total target budget IV and selects only the additional candidates needed, subject to the
fixed-site distances.

Let T'= F'U S be the combined shortlist. A common repair function enforces candidate eligibility,
uniqueness, the requested count, and

min  d(t;,t;) > dmin, 12

1<i<i<[T] (ti, ]) 2 Omin (12)

where d(-,-) is distance in kilometres. Proposals that violate a constraint are rejected, and the

shortlist is completed with the feasible candidate that maximizes its distance from the sites already

retained. If the target count cannot be achieved, the run is marked infeasible rather than silently

relaxing dmin. Rejections, top-ups, achieved count, and verified minimum distance are stored for
each run.
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2.8 Population, geographic, and urban-context evaluation endpoints and layout
ranking

The primary planning objective was residential population representation, supplemented by
geographic coverage and urban-context criteria. WorldPop values were used as spatial demand
weights to quantify how close the modelled population would be to the nearest proposed monitor.
Road and building variables characterized the urban settings represented by selected sites; they
were not interpreted as emissions or pollutant measurements. The population-proximity endpoints
do not measure pollutant concentration or personal exposure.

For evaluation point e; € E, let

5:(T) = mind(es, ) (13)

be its nearest-site distance. The geographic endpoints are the mean of ¢;, its 95th percentile, and
its maximum. If w; is the non-negative WorldPop density sampled at e;, the primary endpoint is
population-weighted nearest-site distance,

D) = 2220 (1)

For radius r, the population-coverage percentage is

2 wiI{6i(T) <r}
2 Wi 7

calculated for r € {1,2,3} km as prespecified nested proximity thresholds. The 1-km threshold
provided the strictest assessment of local proximity, 2 km was the primary reporting threshold,
and 3 km provided a broader assessment of population coverage. The primary 2-km threshold
was informed by high-resolution sensor-network deployment practice in Kampala, where impact
buffer zones of up to 2 km have been used (Lsoto et al., 2026); it was not estimated as an
optimal distance from the results of this study. Reporting all three thresholds reduced dependence
on a single radius. The radii describe distance to the nearest proposed monitor and were not
treated as pollutant-dispersion, exposure, spatial-homogeneity, or regulatory-representativeness
radii. Coverage was also calculated for evaluation points in the highest quartile of positive
population-density values.

Ppop(r) = 100 (15)

The primary comparison used three complementary final-layout endpoints. The first two were
Dpop(T) and Ppop(2), which describe average population-weighted distance and the proportion
of the weighted population within 2 km. The third was the 95th percentile of the unweighted
nearest-site distances,

Do5(T) = Qo.95(01(T), - - -, ds000(T")) , (16)

The metric directions used for comparison were lower for Dy, and Dgs and higher for Pyop(2).

2.9 Internal clustering diagnostics

Internal diagnostics were calculated for the six clustering methods before maximin top-up and
feasibility repair. The Silhouette coefficient compares within-cluster cohesion with separation from
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the nearest alternative cluster; higher values indicate better-defined clusters (Rousseeuw, 1987).
The Davies—Bouldin index compares within-cluster dispersion with separation between cluster
centres; lower values indicate better clustering (Davies and Bouldin, 1979). The Calinski-Harabasz
score is the ratio of between-cluster to within-cluster dispersion, adjusted for the number of clusters
and observations; higher values indicate better-separated, more compact clusters (Calinski and
Harabasz, 1974). Metrics were calculated only when at least two valid clusters existed. For
DBSCAN and HDBSCAN, noise-labelled candidates (—1) were excluded rather than reassigned.
These diagnostics were not included in the final-layout composite ranking.

Placement approaches were ranked separately within each city and sensor budget using
the stochastic medians and deterministic single estimates defined above. Six final-layout
metrics entered the ranking: population-weighted nearest-site distance (weight 0.35; lower),
95th-percentile geographic distance (0.15; lower), population coverage within 2 km (0.20; higher),
median population density at selected sites (0.10; higher), mean road density at selected
sites (0.10; higher), and mean building coverage at selected sites (0.10; higher). The weights
were study-specific choices reflecting population-oriented planning priorities, consistent with
guidance on transparent composite-indicator weighting rather than prescribed numerical values
(OECD/European Union/EC-JRC, 2008; Becker et al., 2017).

Each method-level metric was min—-max normalized across methods within the same city—budget
combination. Metrics with fewer than two valid values or no variation were excluded, and the
remaining weights were renormalized to sum to one. Representative-seed selection was used only to
choose coordinates for mapping and did not affect the method-level metric summaries or rankings.
City-level summaries were calculated by averaging the nine budget-specific method-level metric
values and composite scores and reranking methods within each city.

For each stochastic method, city, and budget, only runs with status ok entered representative-seed
selection. Let Rox € {101,...,120} be the successful seeds, let D, be the population-weighted
nearest-site distance for r € Rk, and let D be their median. The representative seed was

7 = argmin |D, — D. (17)

r€Rok
Thus, the selected seed varied by method, city, and budget and was not fixed at 101. It represented
a median-performing successful run rather than the run with the smallest distance or highest
composite score. The run table was sorted by seed before selection, so an exact tie was resolved by
retaining the smaller seed. Deterministic methods used their single fitted layout, whose stored seed

value of 101 was only a reference label. Point colour represented context priority, and the method,
composite score, and selected seed were stored with each mapped layout.

3 Results

Results are reported for final-layout performance, internal clustering diagnostics, and representative
layouts. The final-layout comparison included 10 placement methods and 9 sensor budgets (N = 5,
10, 20, 30, 40, 50, 60, 70, and 80). Internal diagnostics were summarized for 6 clustering methods
across the seven-budget subset through N = 60. The mapped output contained one representative
p-median layout for each of the 36 city—budget combinations.
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3.1 Population and geographic coverage by city and budget

Figure 2 presents population-weighted nearest-site distance, 95th-percentile geographic distance,
and population coverage within 2 km for each city, method, and sensor budget. At N = 80, the
p-median layouts placed approximately 100% of the modelled population within 2 km of a selected
site in Kampala, 100% in Jinja, 98% in Nairobi, and 90% in Lagos City.

Table 4 reports city-level means obtained from the nine budget-specific summaries; the complete
rankings are provided in Supplementary Table S1. The p-median ranked first and the hex-grid
baseline ranked second in each city. For p-median, the mean composite score, population-weighted
nearest-site distance, and 2-km population coverage were 84.01, 1.06 km, and 89.00% in Kampala;
77.13, 0.91 km, and 92.21% in Jinja; 84.61, 1.27 km, and 83.31% in Nairobi; and 86.43, 1.98 km,
and 66.93% in Lagos City. Mean road density at the selected p-median sites was 16,509.7, 9,724.1,
18,083.6, and 12,773.5 m km~? in Kampala, Jinja, Nairobi, and Lagos City, respectively.

Table 4: City-level mean final-layout performance for the six highest-ranked placement methods

City Rank  Method Composite score  Dpop (km) | Ppop(2) (%) + Mean road density (m /km~2)
Kampala 1 p-median 84.01 1.06 89.00 16,509.7
Kampala 2 Hex-grid baseline 81.21 1.18 85.83 11,470.3
Kampala 3 DBSCAN 60.38 1.41 80.76 8,184.9
Kampala 4 HDBSCAN 56.87 1.47 79.30 8,110.9
Kampala 5  K-medoids 51.64 1.35 81.49 9,669.5
Kampala 6 Random baseline 47.37 1.45 79.83 10,383.0
Jinja 1 p-median 77.13 0.91 92.21 9,724.1
Jinja 2 Hex-grid baseline 60.15 1.20 86.18 3,443.0
Jinja 3 Agglomerative 41.06 1.33 80.79 4,071.2
Jinja 4 HDBSCAN 38.81 1.43 79.20 3,558.9
Jinja 5 KMeans 38.46 1.34 80.52 4,059.4
Jinja 6  Feature-space maximin 35.75 1.44 80.37 6,613.4
Nairobi 1 p-median 84.61 1.27 83.31 18,083.6
Nairobi 2 Hex-grid baseline 47.80 2.07 63.36 7,876.7
Nairobi 3  Feature-space maximin 36.86 2.35 55.47 10,495.4
Nairobi 4 HDBSCAN 29.49 2.60 51.17 5,706.2
Nairobi 5  Gaussian mixture model 26.09 2.60 49.52 9,299.0
Nairobi 6  KMeans 25.54 2.66 52.26 7,842.2
Lagos City 1 p-median 86.43 1.98 66.93 12,773.5
Lagos City 2 Hex-grid baseline 55.11 2.63 44.59 3,437.2
Lagos City 3 DBSCAN 33.08 3.47 32.21 4,249.2
Lagos City 4 K-medoids 27.43 3.28 33.18 4,008.3
Lagos City 5 HDBSCAN 25.30 3.69 28.62 3,487.8
Lagos City 6  Gaussian mixture model 23.67 3.57 30.78 6,499.5
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Figure 2: Box plot, Population-weighted distance, 95th-percentile geographic distance, and 2-km

population coverage across cities

and sensor budgets.
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3.2 Internal clustering diagnostics

Table 5 reports mean internal diagnostics for the six clustering methods across the retained
seven-budget subset through N = 60. Among the four methods constrained to return exactly
N clusters, KMeans had the highest Silhouette and Calinski-Harabasz values and the lowest
Davies—Bouldin value in each city. Its Silhouette, Davies—Bouldin, and Calinski-Harabasz values
were 0.322, 0.934, and 3694.0 in Kampala; 0.376, 0.925, and 2158.3 in Jinja; 0.281, 1.237, and
866.5 in Nairobi; and 0.325, 1.036, and 1511.9 in Lagos City. GMM had the lowest Silhouette and
Calinski-Harabasz values and the highest Davies—Bouldin value among the fixed-count methods in
all four cities. DBSCAN diagnostics were defined only for Kampala, with values of 0.786, 0.309,
and 2827.8. Checks at N = 70 and N = 80 did not materially change the method ranking.

Table 5: Mean internal clustering metrics (N = 5-80).

City Model Silhouette T Davies—Bouldin | Calinski-Harabasz 1
Kampala KMeans 0.322 0.934 3694.0
Kampala GMM 0.039 1.733 1239.6
Kampala KMedoids 0.227 1.257 2091.0
Kampala Agglomerative! 0.274 1.005 3326.7
Kampala HDBSCANT 0.272 0.950 3087.1
Kampala DBSCANT 0.786 0.309 2827.8
Jinja KMeans 0.376 0.925 2158.3
Jinja GMM 0.258 1.500 1219.4
Jinja KMedoids 0.318 1.054 1532.0
Jinja Agglomerative! 0.348 0.962 1985.6
Jinja HDBSCANT 0.376 1.251 1623.0
Jinja DBSCANT - - -
Nairobi KMeans 0.281 1.237 866.5
Nairobi GMM 0.092 1.848 434.0
Nairobi KMedoids 0.214 1.422 687.4
Nairobi Agglomerativel 0.246 1.310 772.8
Nairobi HDBSCANT 0.203 1.029 797.4
Nairobi DBSCANT - - -
Lagos City KMeans 0.325 1.036 1511.9
Lagos City GMM 0.179 1.589 858.1
Lagos City KMedoids 0.260 1.209 1129.0
Lagos City Agglomerative! 0.295 1.066 1346.5

Lagos City HDBSCANT 0.298 1.325 1396.9
Lagos City DBSCANT - - _

1 Deterministic method under the fixed inputs; bold indicates the best result among methods constrained to return
exactly N clusters. Reported values are means for N = 5-80. Density-based values describe native labels and may
be undefined when a valid multi-cluster diagnostic was unavailable.

3.3 Representative p-median layouts across sensor budgets

Figure 3 presents the representative p-median layout for each city and budget. The figure contains
36 layouts covering four cities and nine budgets. The representative stochastic seeds shown in the
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Figure 3: Representative p-median layouts for Kampala, Nairobi, Jinja, and Lagos City
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4 Discussion

This study examined whether a data-light, context-aware spatial framework can support
population-oriented planning of prospective air-quality sensor networks when a reliable prior
pollution surface, detailed emissions inventory, or validated dispersion model is unavailable.
Context-augmented population-weighted p-median performed best under the declared composite
objective across the nine final-layout budgets, whereas KMeans produced the strongest mean
internal diagnostics across the retained seven-budget diagnostic subset among the fixed-count
clustering methods. These findings address different questions: p-median selects facilities to reduce
population-weighted proximity gaps while favouring contextually informative candidates, whereas
KMeans partitions the candidate feature space into compact groups. The strong p-median result
is therefore partly attributable to the close alignment between its implemented objective and the
population-proximity and contextual endpoints emphasized in the composite. More broadly, this
reinforces the location—allocation principle that method performance should be interpreted against
the planning objective being optimized (Kanaroglou et al., 2005; Boubrima et al., 2019; Mukherjee
et al., 2020). Separating internal clustering quality from final-layout performance is consequently
central to interpreting the comparison.

The four-city analysis showed how this distinction translated into spatial layouts. As the
budget increased, additional sites reached previously unrepresented areas while retaining greater
concentration in high-priority population, road, and building contexts. This concentration was
more pronounced in Nairobi and Lagos City than in Kampala and Jinja. The p-median ranked first
in the nine-budget mean for every city, while the hexagonal-grid baseline ranked second in all four
cities. The mapped layouts in Figure 3 illustrate how the population-oriented allocation changed
across the common budget range. The consistent second-place performance of the hexagonal grid
also indicates that simple spatial balance can provide a competitive planning baseline. These
rankings remain specific to the stated population-and-context objective and do not establish that
either method is universally preferable.

The budget curves demonstrate why cities should not adopt a universal sensor count. At N =
80, the p-median layouts placed approximately 100% of the modelled population within 2 km in
Kampala and Jinja, compared with approximately 98% in Nairobi and 90% in Lagos City. These
are population-weighted estimates derived from the modelled evaluation support, not guarantees
that every resident or populated location would be within 2 km of an installed sensor. The water
and wetlands retained within the Lagos City boundary and Nairobi National Park primarily affect
the full-boundary Dgs metric; differences in population-weighted coverage more directly reflect
the scale and spatial distribution of the modelled residential population. A city-specific minimum
adequate planning budget can be defined as the smallest tested N that reaches a prespecified
coverage target, but the discrete budget intervals used here identify only the first qualifying tested
budget rather than an exact minimum. A finer search would be required around that point, and
a strict requirement that all eligible populated locations lie within 2 km would require an explicit
covering constraint rather than the present average-distance p-median objective.

The composite score expresses a particular planning preference; it is not an objective-independent
definition of network quality. Population-weighted distance received the largest weight (0.35),
followed by 2-km population coverage (0.20), with smaller contributions from geographic and
contextual endpoints. Because each metric was normalized across methods within the same
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city—budget comparison, composite values support method ranking within those comparisons but
are not absolute quantities that should be compared directly between cities or budgets. Different
priorities such as territorial surveillance, peripheral communities, traffic corridors, environmental
justice, or pollution-field reconstruction would require different endpoints or weights and could
change the method ranking. Composite scores should consequently be reported alongside
population-weighted distance, threshold coverage, upper-tail geographic distance, contextual
representation, runtime, and field constraints. Population proximity describes representation of
modelled residential demand; it does not measure individual exposure or distributive equity.

WorldPop and OSM improve the contextual relevance of the shortlists but remain proxies.
WorldPop does not fully capture recent settlement change, fine-scale population heterogeneity,
commuting, or daily mobility (Tatem, 2017; WorldPop and Center for International Earth Science
Information Network, 2018). OSM features distinguish road and building contexts but do not
directly represent traffic volume, emissions, pollutant concentrations, installation permission, or
site suitability (Haklay and Weber, 2008; OpenStreetMap contributors, 2026). OSM completeness
also differed among cities; building-related features lacked usable variation in the Kampala and
Lagos City caches and were excluded from the affected composite normalizations. Governments
and city authorities should therefore use LOCATE to compare pre-deployment alternatives, then
apply institutional and field review to assess hosts, security, power, communications, airflow,
access, calibration, and maintenance (Clements et al., 2022; Bainomugisha et al., 2023).

The common candidates, budgets, contextual sources, geographic constraints, repair rules, and
recorded random seeds improved comparability across methods. However, the current p-median
implementation was a computational heuristic rather than an exact optimizer. It used a restricted
facility pool, greedy addition, two swap passes, and a 3,000-point subset of the 8,000 evaluation
locations as demand support. Because evaluation was not fully independent of optimization, the
estimated advantage may be optimistic. Future comparisons should use separate demand-fitting
and untouched evaluation samples, repeated candidate and evaluation realizations, larger facility
pools, additional swap searches, and sensitivity analyses for the metric weights, contextual-reward
parameter, coverage radius, and eligible-land mask.

The experiment further represents only one administrative boundary and one master candidate
realization per city. The 20 seeds quantify algorithmic variability but not uncertainty in boundaries,
geospatial inputs, or data versions. Permanent water should be treated as a hard exclusion in future
population-oriented applications, while the treatment of protected areas should depend on whether
the objective is residential, background, or ecological monitoring. Common absolute budgets and
the 0.5-km separation rule also provide a controlled comparison rather than universally appropriate
deployment standards. LOCATE should therefore be treated as a screening and prioritization stage
that narrows the field-review problem, not as a substitute for pollution-based network validation
or site-feasibility assessment. Post-installation studies should evaluate proposed layouts against
fixed monitors, mobile-monitoring surfaces, or independently validated pollution simulations
and document site displacement, rejection reasons, calibration, uptime, communications, and
maintenance (Frederickson et al., 2022; Okorn and Iraci, 2024).
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5 Conclusion

This study demonstrates that prospective air-quality sensor networks can be planned systematically
using a population-oriented and context-aware approach before installation, without a reliable prior
pollution surface, detailed emissions inventory, or validated dispersion model. LOCATE integrates
projected geography, WorldPop, OSM road and building context, feasibility constraints, and explicit
planning metrics in an auditable GeoAl decision-support workflow. Across Kampala, Jinja, Nairobi,
and Lagos City, context-augmented population-weighted p-median remained the strongest overall
method for the declared population-and-context objective over the nine budgets. KMeans was
the strongest fixed-count clustering benchmark in the retained seven-budget internal-diagnostic
summary. Increasing the budget from 5 to 80 sites improved coverage in every city, although gains
narrowed at the larger budgets. The larger full-boundary geographic gaps in Lagos City and Nairobi
partly reflect water bodies and protected non-residential land, while the population-weighted results
still show that identical budgets provide unequal residential coverage. No universal urban sensor
count is therefore appropriate.

As a context-aware pre-deployment tool, LOCATE can be used by municipal, metropolitan,
and national governments to plan new air-quality monitoring networks or expand existing ones
before instruments are installed. In any city with suitable boundary, population, and open
urban-context data, it can help identify population-coverage gaps, compare the urban settings
represented by alternative layouts, assess sensor-budget scenarios, and prioritize candidate areas
for institutional review and field assessment. Method and network size should reflect local
coverage needs, eligible land, existing networks, monitoring objectives, field constraints, and
available resources. The resulting shortlists must therefore be followed by regulatory review, site
verification, host engagement, and installation planning. LOCATE does not establish pollution
reconstruction, individual exposure, or field feasibility; future work should validate the layouts
using independent evaluation samples, alternative weights and land masks, repeated spatial
realizations, post-installation pollution observations, and documented field outcomes.
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