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Abstract 

Ensuring timely access to health care in river-delta settings is challenging. This study analyzed 

geographic accessibility for Bayelsa State, Nigeria at the building level by harmonizing open data 

in Google Earth Engine to 100 m resolution and estimating least-cost travel time with WHO Ac-

cessMod. The cost surface combined Copernicus land cover, OSM roads and waterways, and 

mode-specific speeds for walking, motorized travel, and boats. AccessMod times were attached to 

Google Open Buildings footprints, yielding a per-building dataset. We summarized travel time by 

LGA; screened 5-km hexagons with an impedance ratio (minutes/km) to distinguish near-but-slow 

barriers from true remoteness; and identified frontier settlement clusters using DBSCAN for TT > 

60 min. LGA medians 1–3 min, with Yenegoa, Kolokuma/Opokuma, and Ogbia achieving ≈univer-

sal ≤60 min coverage. Long-tail delays align with riverine belts, especially Brass and Ekeremor 

(e.g., P95 ≈ 65 min). Hex-grid classification across 175,352 buildings shows well-connected 65.7% 

and typical 29.3%, while actionable problem categories are limited but important: barrier hotspots 

1.8%, heterogeneous pockets 1.1%, and remote 0.8% (with 1.4% “No estimate”). Frontier clusters 

concentrate on the Brass peninsula, the western Ekeremor coast, and scattered southern creek belts 

(e.g., Odioma-Diema, Cape Formosa, Iduwini wards; median TT typically 62–138 min). Findings 

indicate that Bayelsa’s equity gap is driven less by system-wide distance than by localized impedi-

ments. Micro-infrastructure (footbridges, jetties, short feeder links) can resolve near-but-slow 

hotspots, while outreach/transport support or strategic siting is warranted for truly remote clusters. 

The reproducible, open-data workflow generalizes to other deltaic contexts. 
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1. Introduction 

Health service accessibility remains a cornerstone of equitable development and public health 

resilience. Nowhere is this challenge more acute than in Bayelsa State, Nigeria, situated at the heart 

of the Niger Delta. The state is characterized by an intricate web of rivers, tidal creeks, mangroves, 

and seasonally inundated floodplains that fragment settlements and constrain mobility. In this riv-

erine environment, the difference between thirty and ninety minutes of travel can determine life or 

death in obstetric emergencies, severe malaria episodes, or trauma care (Oghenebrume Wariri et 

al., 2021). While global commitments such as the Sustainable Development Goals emphasize uni-

versal health coverage (United Nations, 2015), in practice, households in river-delta ecologies re-

main systematically disadvantaged by transport delays and fragile infrastructure (Ebener et al., 
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2019; Weiss et al., 2015). This enduring structural inequity underscores the urgent need for geo-

graphically explicit, context-sensitive studies that extend beyond conventional road-based accessi-

bility modelling (Ray & Ebener, 2008). 

Previous research on health access in Nigeria and across sub-Saharan Africa has made im-

portant contributions by employing cost-distance surfaces, gridded population data, and facility 

geocoding to generate national and regional coverage statistics (Dechambenoit, 2016; Kyei-Ni-

makoh et al., 2017). Such studies have advanced the debate on equity and resource allocation but 

are limited by their reliance on coarse population rasters, road-dominant friction surfaces, or dis-

trict-level summaries (Weiss et al., 2018; Alegana et al., 2012). In Bayelsa, the challenge is partic-

ularly severe: building-level settlement patterns are fine-grained and discontinuous, and the navi-

gational barriers imposed by water crossings can multiply effective travel times even across short 

Euclidean distances (Balogun & Onokerhoraye, 2022). Despite the existence of accessibility mod-

els, a reproducible, high-resolution, building-resolved analysis that simultaneously quantifies travel 

time, detects structural barriers, and highlights inequities across local government areas (LGAs) 

and wards has yet to be undertaken in this context. 

This study addresses that gap by introducing a transparent and replicable workflow for spatial 

accessibility analysis at the building scale. Leveraging Google building footprint data (Google, 

2018) enriched with per-building metrics, a calibrated travel-time surface that accounts for water-

ways and road networks, and geocoded health facility attributes, we construct a multi-layered 

framework. Our analysis generates outputs that reveal not only how many people are within reach 

of health facilities but also where hidden inequities and structural barriers persist.  

Beyond methodological novelty, the significance of this work lies in its capacity to shift the 

unit of analysis from coarse administrative averages to the lived geography of buildings and settle-

ments. Conventional accessibility reports often present optimistic coverage statistics, yet these av-

erages conceal stark inequities within LGAs, wards, and even between neighboring villages sepa-

rated by rivers (Alegana et al., 2018; Ebener et al., 2019). By adopting a building-level lens, we 

reveal where proximity on a map still translates into delay on the ground. This has immediate prac-

tical implications for advancing equity-centered allocation of health services and contributes to a 

global body of knowledge on health geography in deltaic and floodplain settings. 

The specific objectives of this study are to: 

1. Quantify building-level time–distance to health facilities and summaries coverage at 30, 60, 

and 120 minutes. 

2. Map 5-km hexagonal impedance hotspots to identify structural barriers where short Euclidean 

distances belie disproportionately high travel times. 

3. Delineate and characterize frontier settlement clusters (>60-minute groups) using density-

based clustering, with attributes on dominant LGA, ward, and facility categories. 

2. Materials and Methods 

2.1 Study area 

Bayelsa State lies in the central Niger Delta of southern Nigeria, bounded by Delta State to the west 

and north, Rivers State to the east, and the Atlantic coastline to the south (Chinda, 2025). Admin-

istratively it comprises eight Local Government Areas (LGAs)—Brass, Ekeremor, Ko-

lokuma/Opokuma, Nembe, Ogbia, Sagbama, Southern Ijaw, and Yenagoa (the state capital). The 

terrain is low-lying and river-dominated, with extensive mangrove and freshwater swamp forests, 

tidal creeks, and barrier islands. Seasonal flooding and the dense creek network make overland 

travel circuitous; many settlements are effectively water-dependent, relying on boats for routine 

mobility (Oyegun et al., 2023). These physical constraints, together with dispersed rural settle-

ments, produce sharp spatial contrasts in access to health facilities: short straight-line distances can 

translate into long travel times where crossings are absent or road links are discontinuous. 
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Climatically, Bayelsa experiences a long-wet season and high annual rainfall typical of the deltaic 

tropics, conditions that further affect road quality and travel speeds, particularly in the outer creek 

belts (NiMet, 2017). Settlement density and service infrastructure are highest around Yenagoa and 

the central corridor toward Ogbia/Kolokuma-Opokuma, while the Brass peninsula, western Ekere-

mor coast, and southern creek margins contain more isolated communities (Onokerhoraye, 2019). 

For this study, the Bayelsa boundary was taken from FAO-GAUL and all analyses were conducted 

in EPSG:32632 (WGS 84 / UTM zone 32N) to support metrically consistent distance and travel-

time calculations. Figure 1 provides geographic context.  

 

Figure 1. Maps showing the study area in Bayelsa State, Nigeria: 

(a) Location of Bayelsa within Nigeria; 

(b) Administrative boundaries of Bayelsa State showing Local Government Areas (LGAs); 

(c) Land cover classification including vegetation types, wetlands, built-up areas, and water bodies; 

(d) Transportation networks, distinguishing roadways (red) and waterways (blue). 

2.2 Data collection and harmonization 

The datasets were prepared in Google Earth Engine (GEE) and exported at 100 m resolution in 

EPSG:32632 (WGS 84 / UTM zone 32 N) (Gorelick et al., 2017). The harmonization script (see 

supplementary) clipped each layer to the FAO GAUL Bayelsa boundary (FAO, 2015) and repro-

jected continuous variables with bilinear resampling and categorical variables with nearest-neigh-

bor: 

• Elevation & Slope: SRTM 30 m (USGS, 2014). 

• Land cover: Copernicus Global Land Cover 100 m (2019) (Buchhorn et al., 2020). 

• Water mask: JRC Global Surface Water occurrence, thresholded at >50% occurrence (Pekel et 

al., 2016). 

• Networks: OpenStreetMap (OSM) roads and waterways were used to define motorized and 

navigable water routes (Haklay & Weber, 2008). 

• Buildings: Google building footprints for Bayelsa were accessed in GEE (Google, 2018). 
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• Population: WorldPop 100 m for Nigeria (WorldPop, 2020), reprojected to the 100 m grid; 

when required for 2024 reporting, population per pixel was temporally projected using a mul-

tiplicative growth factor via equation 1. 

𝑃2024(x) = 𝑃2020 (𝑥)(1 + 𝑟)(2024−2020),   (1) 

where r is a documented annual growth rate (state/national). 

All rasters were aligned to the 100 m population grid; all vectors were transformed to EPSG:32632 

prior to rasterization or spatial joins. 

2.3 Travel-time modelling (AccessMod) 

We used WHO AccessMod only to estimate time distance (least-cost travel time to the nearest 

health facility). AccessMod implements anisotropic least-cost modelling and has been widely ap-

plied to equity in health accessibility studies (Ray & Ebener, 2021). The cost surface C (minutes 

per meter) at cell i is the reciprocal of a mode-specific speed vi (converted to m/min), optionally 

adjusted for slope if enabled: 

𝐶𝑖 =  
1

𝑣𝑖

× 𝑓(𝑠𝑙𝑜𝑝𝑒𝑖),   (2) 

where f(⋅) is an anisotropy term (e.g., slope penalty); if disabled, f≡1. Mode and speed assignments 

followed the study scenario (Table 1), based on established accessibility modelling practices 

(Ebener et al., 2019). 

AccessMod then computes the least-cost accumulated travel time from each cell to the nearest fa-

cility using graph-based cost-distance algorithms (Ray & Ebener, 2021). 

Table 1 Mode-specific travel speeds (km h⁻¹) for the Bayelsa accessibility model: Motorized for roads, Walk-

ing for land cover and Boat for water. 

Roads /Motorized  Land class/Walking  Water/Boat  

Class  (km/h) Class  (km/h) Class  (km/h) 

Primary 100 Shrubs 4 Permanent water bodies 20 

Secondary 80 Herbaceous veg. 5 River 20 

Tertiary 50 Cultivated 5 Stream 15 

Primary link 90 Built-up 6 Canal 15 

Secondary link 60 Sparse vegetation 5 Drain 10 

Tertiary link 40 Herbaceous wetland 3 

  

Unclassified 25 Closed forest 2 

  

Residential 30 Open forest 3 

  

Living street 15 Pedestrian 5 

  

Service 30 Footway 5 

  

Track 15 Path 4 

  

Track grade 4 12 

    

Track grade 5 10 

    

AccessMod then computes the least-cost accumulated travel time (in minutes) from each cell x to 

the nearest facility: 

𝑇𝑇(𝑥) =  
𝑚𝑖𝑛

𝜋𝜖𝑃(𝑥 → 𝐹)
∑ 𝐶𝑖 × 𝑑𝑖𝑗

(𝑖→𝑗)𝜖𝜋

   (3) 

where π is a path over neighboring cells, dij is the step length (m), and F is the set of facilities. 

The resulting raster was exported and used to populate TT_H per building (nearest-cell sampling). 
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2.4 Analytical objectives and metrics 

All computations used R (R Core Team, 2022) with sf (Pebesma, 2018), dplyr (Wickham et al., 

2023), and dbscan (Hahsler et al., 2019) for clustering. 

2.4.1 Time–distance to health facilities  

Euclidean and travel time distances follow conventions in health accessibility research (Weiss et 

al., 2020). For each building b, we report the time distance TTH(b) (minutes) and Euclidean distance 

to the nearest facility Deucl(b) (km), derived from NEAR_DIST (meters): 

 

Deucl(𝑏) =  max (
𝑁𝐸𝐴𝑅_𝐷𝐼𝑆𝑇(𝑏)

1000
, ∈) , ∈= 0.05𝑘𝑚   (3) 

Coverage at thresholds T∈{30,60,120} min is 

𝐶𝑜𝑣(𝑇) =  
1

𝐵
∑ 1

𝐵

𝑏=1

(𝑇𝑇𝐻(𝑏) ≤ 𝑇) × 100%   (4) 

with B the number of buildings. We also summarize TTH by median, interquartile range (IQR), and 

upper tails (p90, p95). 

2.4.2 Impedance / barrier hotspots (5-km hex grid) 

Our impedance index builds on earlier work that compares travel-time surfaces with straight-line 

distances to highlight barriers (Makanga et al., 2017). To avoid spurious ratios for co-located fea-

tures, distances below 50 m were set to 0.05 km. We then overlaid a 5-km hexagonal grid on 

Bayelsa, joined buildings to hex cells, and summarized each cell with five fields: building count, 

mean impedance (overall barrier signal), 90th percentile impedance (worst-case conditions), me-

dian TT_H, and median Euclidean distance to the nearest facility. For stability, only cells with ≥30 

buildings were retained. The resulting layer pinpoints barrier hotspots where targeted measures—

bridge improvements, boat services, or feeder-road upgrades—would yield the largest time savings.  

2.4.3 Frontier settlement clusters (>60 min) 

We identified frontier settlements as dense clusters of buildings whose modeled time to the nearest 

facility exceeds 60 minutes. Buildings meeting this criterion were reduced to centroids (projected 

coordinates) and clustered using DBSCAN, treating features as part of the same settlement when 

they lie within roughly 1.5 km of at least 20 other filtered buildings (ε ≈ 1.5 km; minPts = 20). 

DBSCAN clustering was chosen because it identifies dense groups without requiring the number 

of clusters a priori (Ester et al., 1996). For each resulting cluster we reported the number of build-

ings, the median and 90th percentile travel times, and the most common LGA, ward, and nearest-

facility category among its members. We also generated a convex-hull polygon and centroid for 

each cluster and recorded hull area in km² to support operational targeting (e.g., outreach schedul-

ing or siting proposals). 

2.5 Software and reproducibility 

• Preparation: GEE (Gorelick et al., 2017) with SRTM, Copernicus LC, JRC GSW, WorldPop 

Nigeria, Bayelsa GAUL boundary; OSM roads/waterways. 

• Modelling: WHO AccessMod (Ray & Ebener, 2021). 

• Analysis: R (R Core Team, 2022; Pebesma, 2018; Hahsler et al., 2019; Wickham et al., 2023). 

3. Results 

3.1. Time Distance to Health Facilities 

The figure 2 shows a clear core–periphery pattern. Fast access (0–30 min) concentrates in 

Yenagoa and the central corridor, where dense facilities align with most buildings. Travel times 

lengthen across the riverine belts and outer LGAs, especially the Brass peninsula and pockets of 
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Ekeremor/Southern Ijaw, where waterways and sparser road links force detours. Isolated darker 

patches mark local barriers (e.g., creek crossings) rather than system-wide gaps. This spatial picture 

matches the box-plots: short medians in every LGA, with a few long-tail cells driving the higher 

classes seen along coastal and creek-cut edges. 

 

Figure 2. Time-distance to health facilities in Bayelsa State, Nigeria. The map shows spatial accessibility 

expressed in travel minutes from buildings (grey) to the nearest health facility (green crosses). Accessibility 

ranges from high (0–15 minutes, light pink) to very low (131–300 minutes, dark red). 

Across Bayelsa’s LGAs, travel times are bounded right-tails as shown in figure 3. Yenegoa 

exhibits the strongest performance: a median of 2 minutes (IQR 1), with 100% of buildings within 

30, 60, and 120 minutes. Kolokuma/Opokuma and Ogbia show similarly short typical times (both 

median 2 min, IQR 2) and near-universal coverage: Kolokuma/Opokuma has 99.6% ≤30 min and 

100% ≤60/120 min; Ogbia has 99.7% ≤30 min, 99.9% ≤60 min, and 100% ≤120 min. 

LGAs with longer upper tails are Brass, Ekeremor, Southern Ijaw, Sagbama, and Nembe. 

Brass (median 2 min, IQR 6) retains strong coverage (88.1% ≤30 min, 94.5% ≤60 min), but its tail 

reaches P95 65 min and max 171 min, indicating pockets where residents face substantially longer 

trips. Ekeremor (median 3 min, IQR 6) shows 87.9% ≤30 min and 93.9% ≤60 min, with a pro-

nounced tail (P90 37 min, P95 65 min, max 191 min). Southern Ijaw (median 2 min, IQR 3) com-

bines 91.9% ≤30 min with very high overall coverage (99.3% ≤60 min, 100% ≤120 min), but still 

has a notable tail (P90 25 min, P95 37 min). Sagbama (median 2 min, IQR 2) delivers 98.4% ≤30 

min and 99.1% ≤60 min, yet reaches P95 17 min and max 199 min, again pointing to localized 

constraints. Nembe (median 1 min, IQR 2) maintains 92.8% ≤30 min and 97.9% ≤60 min, but the 

tail extends to P95 40 min and max 94 min. 
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Figure 3. Raincloud/box plots of travel time to the nearest health facility by LGA (log scale). Boxes show 

median and IQR; dot tails indicate outliers/long delays. Vertical dashed lines mark the 30, 60, and 120-minute 

thresholds. 

3.2. Impedance/Barrier Hotspots (Hex-grid) 

We assessed building-level access on a 5-km hexagonal grid and classified each hex using 

simple, pre-specified rules designed to distinguish good access, structural barriers, and true remote-

ness. Per-building impedance was calculated as travel time divided by Euclidean distance to the 

nearest facility, with distances shorter than 0.05 km set to 0.05 km to avoid inflated ratios. For 

stability, hexes with fewer than 30 buildings were treated as unstable and not used in the calcula-

tions. The findings are summarized in Table 2 and shown in Figure 4. 

Table 2. Building counts and shares by 5-km hex-grid impedance category in Bayelsa.  

Category 
Buildings 

(n) 

Share 

(%) 

Well-connected 115,148 65.7 

Typical 51,322 29.3 

Barrier hotspot (near but slow) 3,080 1.8 

Heterogeneous (pockets of severe delay) 1,933 1.1 

Remote (far from care) 1,438 0.8 

No estimate 2,431 1.4 

Grand Total 175,352 100 
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Figure 4. Building-level access classification in Bayelsa (5-km hex–based): well-connected, typical, barrier 

hotspot (near but slow), heterogeneous pockets, remote, and no estimate (hexes with <30 buildings).  

3.2.1 Well-connected 

This class comprises 66.6 percent of analyzed buildings, which corresponds to 115,148 build-

ings. A hex is declared well-connected when the typical travel time is very low (median around ten 

minutes or less) and the impedance signal is low (on average no more than about five minutes per 

kilometre). In practical terms, residents in these cells reach care quickly and do not appear to face 

structural barriers; these areas are baseline/maintenance priorities rather than targets for access ex-

pansion. 

3.2.2 Typical 

This class comprises 29.7 percent of analyzed buildings, which corresponds to 51,322 build-

ings. A hex is considered typical when it does not trigger any problem flag (i.e., it is neither a 

hotspot, nor heterogeneous, nor remote under the thresholds below). Access is acceptable on aver-

age; these cells provide context for equity but are not the first candidates for intervention. 

3.2.3 Barrier hotspots (near but slow) 

This class comprises 1.8 percent of analyzed buildings, which corresponds to 3,080 buildings. 

A hex is labelled a barrier hotspot when buildings are close in straight-line terms—the typical dis-

tance to the nearest facility is roughly half a kilometre or less—yet travel remains slow, reflected 

in high average impedance (about 15 min/km or more) or a high upper tail (the 90th percentile 

around 20 min/km or more). These patterns usually indicate missing water crossings, circuitous 
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local links, or seasonal constraints. They are high-leverage opportunities for small, targeted fixes 

such as footbridges, jetties/ferry points, culverts, or short feeder-road connections. 

3.2.4 Heterogeneous pockets (localized severe delays) 

This class comprises 1.1 percent of analyzed buildings, which corresponds to 1,933 buildings. 

A hex is marked heterogeneous when the worst-case impedance is much higher than the average (a 

pronounced upper tail, with the 90th percentile at least twice the mean and 15 min/km or more). 

Most residents in these cells fare reasonably well, but specific neighborhoods or links experience 

severe delay. These places merit micro-targeted interventions at identified bottlenecks. 

3.2.5 Remote (far from care) 

This class comprises 0.8 percent of analyzed buildings, which corresponds to 1,438 buildings. 

A hex is labelled remote when typical travel times are long (around 60 minutes or more) and 

straight-line distances are large (around 3 km or more). These locations are genuinely distant from 

services and call for transport support, mobile/outreach delivery, or strategic siting or upgrades of 

facilities. 

3.2.6 No estimate (excluded from percentages) 

This set contains 2,431 buildings. Hexes appear as “No estimate” when there are no buildings, 

too few or scattered buildings to meet the stability threshold of 30, or missing inputs for the required 

metrics. These hexes are shown on maps for completeness but excluded from percentage totals so 

that results are not biased by unstable or data-poor cells. 

3.3 Frontier settlement clusters (>60 min) 

Frontier settlements (>60 min). To identify places where many households still face long trips 

despite generally good statewide access, we clustered buildings with modeled travel time TT > 60 

min using DBSCAN (ε≈1.5 km, minPts=20). The resulting frontier clusters represent dense pockets 

of persistent delay—prime candidates for outreach services, transport support (boats/ambulances), 

short network links, or, where justified, new facility siting. Clusters concentrate along the Brass 

peninsula, the western Ekeremor coast, and scattered southern creek belts, with additional pockets 

in Nembe and Southern Ijaw. Table 3 reports cluster-level size and delay (median and P90 minutes), 

while Figure 5 maps cluster centroids (red) relative to existing health facilities (green). 

Table 3: No. of Buildings and median travel time in Frontier settlement clusters.  

LGA Ward Buildings (n) Median TT (min) P90 TT (min) 

Brass Odioma-Diema 178 138 142 

Brass Cape Formosa 149 71 75 

Brass Odioma-Diema 108 77 78 

Brass Odioma-Diema 63 68 74 

Brass Odioma-Diema 60 106 109 

Brass Minibie 52 86 94.8 

Brass Odioma-Diema 29 63 163.2 

Brass Igbeta Ewoama 22 76 78 

Ekeremor Iduwini 1 324 87 92 

Ekeremor Iduwini 2 219 96 99 

Ekeremor Iduwini 2 114 136 138 

Ekeremor Iduwini 2 83 62 64 

Ekeremor Iduwini 2 57 79 121 

Ekeremor Oyakiri 3 21 103 109 
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Nembe Igbeta Ewoama 24 74 75 

Nembe Igbeta Ewoama 22 62 62.9 

Southern Ijaw Iduwini 2 28 64 65 

Yenegoa Asamabiri 61 101 173 

 

 

Figure 5. Frontier settlement clusters in Bayelsa. Red circles show cluster centroids where modeled travel time 

to the nearest health facility exceeds 60 min. 

4. Discussion 

The present research operates at ≈100 m spatial resolution and produces building-level travel 

times by attaching the modeled AccessMod time to every Google Open Buildings footprint (via 

sampling at each building centroid) (Google, 2018; Ray & Ebener, 2021). This lets us diagnose 

access at the scale where people actually live and move. In contrast, common national/global prod-

ucts at ~1 km resolution are useful for broad inequality assessment but often smooth over settle-

ment-scale barriers within LGAs (Weiss et al., 2018; Weiss et al., 2020). In practical terms, our 

100-m workflow can distinguish near-but-slow hotspots (missing crossings, circuitous routes) from 

true remoteness, something coarse rasters tend to blur. This finer granularity makes the outputs 

actionable for local governments—supporting micro-infrastructure (bridges, jetties, short feeder 

links) where impedance is high, and outreach or siting adjustments where distance is the dominant 

constraint (Makanga et al., 2017). 
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4.1 Methodological advances over prior studies 

First, we harmonized inputs at 100 m in a single CRS and sampled the AccessMod time sur-

face directly to individual buildings (rather than to 1 km pixels or administrative averages), reduc-

ing ecological bias and the modifiable areal unit problem. Second, we introduced a hex-grid im-

pedance screen (minutes per kilometre) to separate two mechanisms often conflated in the litera-

ture—true remoteness versus near-but-slow barriers—and enforced a ≥30-building stability rule so 

that sparse cells do not drive results. This complements earlier accessibility studies that report 

catchment coverage or mean travel time but do not explicitly flag where straight-line proximity 

fails because of missing crossings or circuitous routes (Ebener et al., 2019). Third, we used 

DBSCAN clustering on buildings with TT > 60 min to delineate “frontier” settlements without 

imposing arbitrary shapes—an approach well-suited to fragmented deltaic geographies (Ester et al., 

1996). 

4.2 Substantive insights relative to prior evidence 

Consistent with regional and global studies, we find that waterways and network discontinu-

ities, rather than uniform distance, are the dominant drivers of poor access in riverine settings (Ale-

gana et al., 2012). Our results reproduce the pattern seen in other travel-time work: strong access 

cores where facilities and roads cluster (Yenagoa, central corridor), and long-tail pockets in periph-

eral creek networks (e.g., Brass, Ekeremor). What our design adds is the ability to pinpoint micro-

locations where residents are “close but slow,” a nuance that coarser global or national products 

cannot consistently reveal (Weiss et al., 2020). The explicit incorporation of surface water occur-

rence (Pekel et al., 2016) and OSM waterways (Haklay & Weber, 2008) strengthens interpretation 

of these pockets in Bayelsa’s delta landscape. 

4.3 Data choices and credibility 

We relied on open, peer-reviewed global datasets for population (WorldPop, 2020) and on the 

evolving Open Buildings inventory for building footprints (Google, 2018). These sources are 

widely used in accessibility research and humanitarian practice, providing reproducible inputs with 

clear provenance; our results therefore sit on the same methodological foundations as much of the 

contemporary literature (Ebener et al., 2019; Ray & Ebener, 2021). 

4.4 Policy relevance compared to common approaches 

Many studies translate travel time into catchment coverage or 2SFCA-style accessibility 

scores to guide siting (Luo & Wang, 2003). Our contribution is complementary: by diagnosing 

mechanism (barrier vs. remoteness) at intervention scale, it yields concrete levers—footbridges/jet-

ties or short feeder links for hotspots; outreach, transport support, or strategic siting for remote 

clusters—so planners can move beyond “where is far” to “what to fix” and “how”. Because the 

problem categories concern only ~3–4% of buildings while the majority are already well-served, 

addressing a small set of tails could unlock large equity gains at relatively low cost (Alegana et al., 

2018). 

4.5 Limitations  

As in related work, our speed assumptions are static by mode and cannot capture congestion, 

tides, seasonality, or facility capacity; several AccessMod studies extend travel time to model ca-

pacity-constrained coverage, which could be layered onto our results in future work (Ray & Ebener, 

2021; Ebener et al., 2019). OSM networks and Open Buildings may be incomplete in rural creeks 

(Haklay & Weber, 2008; Google, 2018); WorldPop projections introduce uncertainty at fine scales 

(WorldPop, 2020). Nonetheless, the concordance between our raincloud/box-plot tails and the 

mapped riverine barriers, together with stability thresholds and reproducible inputs, suggests that 

the pattern (who is left behind and where) is robust even if exact minutes vary within plausible 

speed ranges. 
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5. Conclusions 

This study delivers a high-resolution, building-level picture of geographic access to health 

facilities in Bayelsa by attaching AccessMod travel times to every Google Open Buildings footprint 

on a harmonized 100-m grid. The results show a strong baseline: most residents live within short 

travel times, with well-connected and typical cells accounting for the vast majority of buildings. 

Yet a small but policy-relevant minority faces actionable constraints: about 3–4% of buildings fall 

into barrier hotspots or remote/heterogeneous pockets. These long-tail delays cluster along riverine 

belts and peripheral creek networks—especially parts of Brass and Ekeremor—and are consistent 

with the raincloud/box-plot evidence (low medians, heavy upper tails). 

The practical implication is that Bayelsa’s equity gap is not system-wide speed, but localized 

impediments. Micro-infrastructure (footbridges, jetties, culverts, short feeder links) should be pri-

oritized where impedance is high despite proximity (“near but slow”), while outreach/transport 

support or strategic siting is warranted for truly remote clusters. Because these pockets are few 

relative to the whole, targeted action can convert already good averages into consistently fast access 

for nearly all residents at modest cost. 

Methodologically, the work contributes a reproducible, open-data workflow—100-m harmo-

nization, building-level sampling, hex-grid impedance screening with a ≥30-building stability rule, 

and clustering of >60-minute “frontier” settlements—that can be transferred to other river-delta 

settings. Key limitations include static speeds, seasonal passability not modelled, and possible net-

work/footprint omissions; nevertheless, the spatial concordance between mapped barriers and sta-

tistical tails supports the robustness of the pattern. Future extensions should incorporate seasonality 

and tides, operational validation (boat/ambulance GPS or travel diaries), and service capacity to 

link reachability with readiness. 

Supplementary Materials: Available at https://github.com/zubairgis/nigeria-hensard 
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