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Abstract

Small area population estimates are
important for facility location-allocation analyses as
they provide a spatial distribution of ‘demand’
against which potential ‘supply’ locations are
evaluated. However, in many parts of the world small
area estimates of census data are not available which
makes it difficult to validate and constrain
interpolated population or demand surfaces. For
such cases a number of interpolation methods have
been proposed to redistribute summary population
census totals over small areas. Binary dasymetric
interpolation has been shown to perform well across
a range of spatial scales and resolutions supported
by ancillary data. To date no published research
describes the use of dasymetric approaches as
methods for disaggregating population data over
small areas in any part of West Africa. This study
applies a binary dasymetric approach to generate
population surface for Port-Harcourt, Nigeria, an
area for which small area population estimates are
unavailable. This was validated by visual inspection
using Google Earth and found to be 87% correct. The
demand surface was then used as input to a location-
allocation analysis of health facility provision. The
locations of current primary healthcare centres
(PHCCs) were evaluated and then alternative,
improved spatial arrangement for the facilities that
optimised the spatial distribution of supply with that
of demand, were suggested. The results show 13
alternative sites for PHCCs to be located would
provide almost the same demand coverage as the 17
current locations of PHCCs. The analysis indicated
that fewer PHCCs in a different spatial arrangement
could satisfy the spatial distribution of demand. The
results suggest that such methods can be used to
support and inform decision making and spatial
planning in countries where only limited socio-
economic data exist.

Keywords small area population estimates, binary
dasymetric mapping, health facility location-
allocation, spatial planning.

I. INTRODUCTION

Census data at the small area level such as
output areas (OAS) in the UK are unavailable in most
parts of the world. This is especially the case in many
developing countries. In such places the need to
disaggregate coarse population counts to small areas
to represent demand populations is important in order
to support robust spatial planning [1, 2]. Specifically,
calibrated solutions for estimating populations over
small areas are needed to provide repeatable and
transparent facility location analyses.

Interpolation has at its core the aim of
redistributing data from spatially coarse, high level
entities (source zones) to spatially detailed lower
level ones (target zones) in order to generate models
or estimates of the actual spatial distribution of the
phenomenon under consideration. Dasymetric
interpolation involves the use of ancillary data to
mask out areas over which interpolation estimates
should not be generated. The source zone is divided
into populated and unpopulated regions, and the
source zone population is then redistributed to only
the populated regions [3-5]. The advantage of the
dasymetric approaches is that they eliminate sharp
differences at source zone boundaries and have been
found to reduce errors associated with within-source-
zone uniformity [6]. As noted by Cai et al. [7], the
dasymetric model has been found to give better
information about the distribution of population in
many studies related to environmental justice [8],
public service accessibility [6], environmental health
[9], creation of land use maps from agricultural
census data [10] and crime analysis [11, 12].

Dasymetric interpolation using land cover as
ancillary data offers an approach that has consistently
been found to out-perform other interpolation
approaches [3, 11, 13-15]. Dasymetric mapping has a
long history [16, 17] but its basic idea is to constrain
areal interpolation to areas for which the phenomenon
under investigation is likely to exist. For estimating
spatially distributed populations, the constraint is
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typically to limit the extent of the spatial interpolation
to residential areas. It is an approach that provides a
clear understanding of population distribution within
area being considered [18, 19]. For this reason,
different studies have used different ancillary data as
constraints including land cover data [3, 4, 18], road
networks [20, 21], cadastral data [22], address points
[23], and parcel data [24].

The most commonly used ancillary data in
dasymetric mapping has been land cover information
derived from classified satellite imagery [13, 25].
However, a review of dasymetric mapping literature
shows the development of several techniques using
different ancillary data types (see Table I) all with the
aim of improving interpolation accuracy [4]. Table |
shows a selection of previous literature reporting
different ancillary data types used in dasymetric
mapping. The contents presented in the table are
arranged alphabetically by ancillary data types.

Table | Ancillary Data Types Used in Dasymetric
Mapping

S/INo  Ancillary data Author(s)/year

Harris and Longley
[29]; Zandbergen and
Ignizio [23]

Green [30]

Maantay et al. [22];
Bentley et al. [31]
Goodchild et al. [32]
Moon and Farmer [33];

1 Address points

2 Aerial photographs
3 Cadastral data

4 Control zone

Housing
5 DY Poulsen and Kennedy
distribution [11]; Leyk et al. [34]
6 Image pixels [H3a6r]vey [35]; Holt et al.
Chen [37]; Liu et al.
7 Image texture [38]

Langford [13]; Mennis
[4]; Ward et al. [39]
Pozzi et al. [40]; Briggs

8 Land cover data

9 Night-time lights

etal. [41]
OS VectorMap
10 District Langford [13]
11 Parcel data Tapp [24]

12 Raster pixel maps Langford [5]
Langford and Unwin

[18]; Wu et al. [42]
Three dimensional

14 LiDAR data Sridharan and Qiu [43]
Wright [16]

15  Topographic sheet
Eicher and Brewer [3]

13 Satellite imagery

16  Vector GIS

The aim of this study was to generate demand
population values in an area where their actual
distribution is unknown. Spatially distributed
estimates of the population are important for many
types of spatial data analysis. This research applies a
dasymetric approach to develop spatially distributed
estimates of population in an area for which spatially

detailed census summaries are not available. This is
problematic as the usual approach in any spatial
interpolation is to compare the model outputs
(estimates) with some form of validation data.
However, if these do not exist then it is instructive to
consider the findings of others who have compared
different interpolation approaches, across a range of
problems, across a range of scales. Many researchers
have found that dasymetric interpolation with urban
land cover consistently provide better estimates of
population than other approaches [3, 11, 13-15, 26-
28].

Il. BACKGROUND

In Nigeria, population counts are collected for
each household and censuses have been held in 1963,
1973, 1991 and 2006. Census data are published only
for States and Local Government Areas (LGAS),
highly spatially aggregated areas. The aggregation to
LGA level, purportedly for confidentiality reasons,
poses a serious problem for effective and transparent
spatial planning for example in healthcare. To date
there is no published research reporting the use of
dasymetric interpolation method to estimate
aggregate census data over small areas in any part of
West Africa. However, population data for small
areas have long been more generally found to provide
information on local population characteristics that
assist in coordinating, monitoring and evaluating
service delivery [44]. Reliable, spatially detailed
population estimates are essential to support
economic development, management decisions,
disaster management, and urban and regional
planning [45]. Providing information describing the
weight and distribution of demand over the region of
interest also allows analyses of facility locations and
population allocation.

This study applied the dasymetric
interpolation method to estimate summary population
totals over small areas of unknown distributions in
Port-Harcourt, Nigeria. An insight was obtained into
the chosen interpolation method via work on
Leicester data [46]; although it can be argued that the
best performing parameters for an area may not likely
provide the best fitting target zone estimates for
another different area, but in the absence of
alternatives we can only make use of what we know.

Population allocations to small areas where
there are rich data available at a variety of spatial
scales (e.g. UK) are commonly validated by
comparing the estimates with some known values for
those areas. However, there is an important question
which is: How can a population surface be
determined in areas of unknown distributions and
with no validation data? This is an important issue as
the spatial distribution of demand is a critical input
for determining healthcare facility provision to ensure
coverage. Cromley et al. [47] and Langford and

ISSN: 2393 - 9206

www.internationaljournalssrg.org

Page 2




SSRG International Journal of Geo informatics and Geological Science (SSRG-1JGGS) — Volume 4 Issue 2 May to Aug 2017

Higgs [19] have discussed the significant contribution
of the spatial distributions of demand to potential
measure of access to health facilities in the absence of
small area census data. This background provides the
primary motivation for the research reported in this

paper.

I MATERIALS AND METHODS
A. Study area

Port-Harcourt is the capital of Rivers State
in Nigeria. It is the country’s second largest
commercial centre. Port-Harcourt covers an area of
about 109 square kilometres with a population of
541,115 in 126,010 households [48]. It lies on the
coastal plain of eastern Niger Delta along Bonny river
located in Nigeria’s oil rich Niger Delta [49]. A map
of Nigeria highlighting the location of Rivers State is
shown in Figure la. Figure 1b shows map of Rivers
State with Port-Harcourt LGA in dark shade around
the middle of the map. Figure 1c shows the boundary
map of Port-Harcourt Local Government Area.
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Fig 1: The map of (a) Nigeria showing location of
Rivers State; (b) Rivers State showing location of
Port-Harcourt; (c) Port-Harcourt City Local
Government Area. The digital boundaries are
Copyright for Geo-technics Services 2011.

B. Data

Supply and demand data are needed for
location-allocation analyses. The locations of current
health facilities are known and thus the first part of
this paper was to generated estimates of the spatial
distribution of demand over small areas of unknown
distributions in Port-Harcourt. Table Il shows the data
acquired for implementing areal interpolation for
Port-Harcourt. The table also shows the format and
source of the data.

C. The binary dasymetric method

The dasymetric mapping is an areal
interpolation technique that incorporates ancillary
data sources as control variables in order to identify

zones having different population densities [18, 50].
It constrains the disaggregation of population values
from source zones to specific target zones, which can
be weighted for example by expected residential
density [3, 4, 18, 24, 45, 51]. Binary dasymetric
approach [18] divides source zones into populated
and unpopulated areas and allocates population only
to the populated areas. In this study, land cover data
was obtained from Landsat7 image (see Table II) to
identify built-up and non-built-up areas using a
supervised classification technique. This provides one
of the key inputs to the binary dasymetric method and
the 30m framework was used in the analysis as the
support zones, over which target zones would be
created. A maximum likelihood classification
algorithm was applied and the classified image with
the highest accuracy (81.64% in this case) was
selected as the input. Accuracy was assessed by
comparing 256 random points to reference pixels for
which the class was known. Figures 2 and 3 show
classified Landsat7 (ETM+) 30m spatial resolution
image and a binary mask derived from the classified
image respectively.

Table 11 Data for Port-Harcourt

Data Format Source
*Landsat7 (ETM+)  Image United States
30m spatial Geological Survey
resolution (acquired (USGS) website
8™ January 2003) (http://www.usgs.gov/)
with
WRS_PATH=188
and

WRS_ROW=057

Population census Excel National Bureau of

(2006) with priority Statistics’ website

tables http://www.nigerianstat.
gov.ng/

States and LGAs Shapefile ~ Geo-technics Services

boundary Limited, Port-
Harcourt

Legend

N
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Fig 2: The classified Port-Harcourt image derived from
Landsat7 (ETM+) 30m spatial resolution. The digital
boundary is Copyright for Geo-technics Services 2011.
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Fig 3: A Binary Mask Derived from Land Cover Data
Derived from Classified Landsat7 (ETM+) 30m Spatial
Resolution Image Data. The Digital Boundary Is
Copyright for Geo-Technics Services 2011.

The binary dasymetric method involves a
number of steps applied as part of a PhD [46] looking
at Leicester data: (1) a specially overlay of the
ancillary data with the source zone; (2) removing
areas of overlap; (3) recalculating source zone area;
(4) calculating the source zone population density; (5)
overlaying the 30m support grid with the areas of
intersect in Step 1 above; (6) calculating the areas of
the newly overlaid grids; (7) calculating population
estimates for each overlaid grid by multiplying the
area with the density; (8) overlaying the target zones
with the population for each overlaid grid; and (9)
obtaining the interpolated population of each target
zone by summing all the populations for each
overlaid grid within each target zone. A flowchart
describing these steps is shown in Figure 4.

< S ZEme ) C ecm;:::‘““) (S\lpport grids) Garget zoneD

Calculate|geometry

Intersect

Overlaid zone

Calculate]geometry

Area for new

Area of overlap A
F overlaid grids

Dissolve

Total area for the
source zone

Estimate (area x
density) per »
overlaid grid

y

Density (total
population/total area)

Estimate per
overlaid grid for
cach target zone

Dissolve

Fig 4: Implementation Steps for the Binary Dasymetric
Method (Source: Jega, .M., 2015)

D. Accuracy assessment

In the absence of field information (survey
data) or another data source to validate the modelled
population surfaces, a random sample of 200
locations was taken to visually inspect the results in
order to assess the accuracy of the population
distribution. The randomly placed points were
generated to have a shortest distance of 200m
between any two random points (see Figure 5).
Google Earth 7.1 was used as a reference to validate
the surfaces. The error matrix is summarised in Table
IIl. It shows that some of the randomly selected
points on the populated surfaces do not correspond to
a populated area when viewed using Google Earth
and some other random points on the unpopulated
surfaces were identified on Google Earth in populated
areas. This is likely due to land cover changes
between the date of the Google Earth reference (20"
December 2013) and the date the Landsat7 image was
acquired (as shown in Table II). The effect of using
built-up areas to represent populated areas is seen
where some of the random points on the populated
surface were identified in an industrial area. The
summary of reference data in Table Il shows sixteen
random points identified in populated areas on the
interpolated surface were actually in unpopulated
areas on Google Earth reference. There were ten
random points identified in unpopulated areas on the
interpolated surface that correspond to populated
areas on Google Earth reference. The accuracy totals
in Table IV shows the validation of interpolated
surfaces using Google Earth reference was found to
be 87% correct.
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Fig 5: The Demand Surfaces for Port-Harcourt with 200
Random Points Generated Within the Boundary of
Port-Harcourt. The Digital Boundary Is Copyright for
Geo-Technics Services 2011.
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Table 111 Summary of Reference Data

Interpolated surface

Populated Unpopulated Row

Total

m Populated 75 10 85

LG

= C

; & Unpopulated 16 99 115

(;Dh a

) Column Total 91 109 200

Table IV Accuracy Totals

Class Ref. Class Number  Producers  Users
Name Totals Totals Correct  Accuracy  Accuracy
Pop 91 85 75 82.42% 88.24%
Unpop 109 115 99 90.83% 86.07%
Totals 200 200 174 87.00%  87.00%

Overall Classification Accuracy = 87%

IV. LOCATION-ALLOCATION ANALYSES

The aim was to evaluate the locations of 17
current PHCCs in Port-Harcourt and then suggest
alternative, improved spatial arrangement for the
facilities, with an objective of optimising the spatial
distribution of supply with the spatial distribution of
demand. The p-median problem addresses this
objective.

The p-median problem was introduced by
Hakimi [52] with an objective function of selecting p
facilities (among the total facilities) that minimises
the total weighted distance travelled (or time)
between facilities and demand points [53, 54],
thereby maximising accessibility. There are two basic
approaches to solve the p-median problem: optimal
and heuristic [55]. The most robust of the
optimisation techniques is the Lagrangian Relaxation
with sub-gradient optimisation developed by Narula
et al. [56] but this technique requires too much
computation time to solve [55]. A number of heuristic
procedures have been developed to help solve the p-
median problem. They include: [53, 57-59],
Simulated Annealing, GRASP and a combination of
two or more procedures to form the hybrid approach
[55]. The choice of heuristic procedure to solve the p-
median problem in a GIS system must be based on its
robustness, speed, simplicity and ease of integrating
into existing data structure and software. Teitz and
Bart [53] suggested an alternative approach to solve
the p-median problem by adding an interchange
heuristic to the model. This controls the selection of
locations that are more likely to reduce the average
weighted distance (or time) from demand to all
locations. It is a “proven approach, easy to program,

relatively fast, easy to explain, and produces good
results” [55].

The objective function of the p-median
method is to select the required number of facilities
among the total potential facilities that minimises the
total weighted distance travelled between facilities
and demand points. The Teitz and Bart’s heuristic
search algorithm requires the number of facilities to
locate, the demand population values and the distance
matrix. The algorithm first randomly searches for the
required number of facilities, then substitute one of
the selected with one not selected and tests to verify if
the average weighted travelled distance from demand
to all locations is minimised. This is repeated until no
distance is minimised by the substitution then the
heuristic stops and the selected locations are assumed
to be the optimal locations.

In this study, Teitz and Bart’s heuristic
search algorithm was used to solve the p-median
problem and to minimise the total demand weighted
distance in Port-Harcourt. The inputs into Teitz and
Bart’s heuristic search algorithm are: the number of
facilities to locate, the demand population values
generated from dasymetric interpolation, potential
supply locations and distance measures between
potential supply locations and demand locations. The
data are shown in Table V. The potential supply
locations (85) were generated using a 500m grid
across Port-Harcourt city and grid points that were
within 30m of an existing road were selected. The
demand population values created using the binary
dasymetric interpolation were converted to 56,457
grid points spaced at 30m apart with each point
representing estimates of the population redistributed
from 2006 census totals for Port-Harcourt. The road
distance from each demand point to each current
PHCC was calculated and to 85 grid points
representing potential new locations of PHCCs.

Table V Data for the Case Study Analyses

Data Format Source

Demand Grid Created from binary

population values  points dasymetric interpolation
method.

Current PHCCs Points GPS locations directly

in Port-Harcourt shapefile observed by the analyst
during field trip.

Road network Shapefile ~ Geo-technics Services

data Limited, Port-Harcourt

States and LGAs  Shapefile  Geo-technics Services

boundary Limited, Port-Harcourt

The process starts with a configuration of 17
facility locations. This is because there are 17 current
PHCCs in Port-Harcourt. The 17 selected locations in
the subset are called the p-facility locations while the
potential locations not in the subset are the candidates.
The heuristic search algorithm selects a candidate site
and swaps this candidate for each of the current p-
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facility locations. Any swap that improves weighted
distance, replaces the p-facility location. The process
then continues by selecting another candidate site,
testing swaps and replacing the p-facility location
where there is an improvement in weighted distance.
The heuristic stops when no swap between candidate
and p-facility location improves weighted distance.
The spatial distribution of 17 current and 85 potential
new locations of PHCCs and the demand points
generated from dasymetric interpolations are shown
in Figure 6.

Legend
:I port_harcourt
®  Health centres A

+  85potential

Road
4 Kilometres
Demand

Fig 6: The Spatial Distribution of 17 Current (Red
Circles) and 85 Potential (Blue Crosses) Locations of
Phccs And The Demand Points Generated From
Dasymetric Interpolations, Overlaid on the Road
Network. The Digital Boundary is Copyright for
Geotechnics Services 2011.

Some assumptions were made by the
location-allocation analyses relating to both demand
and supply. On the demand side, the assumption is
that the majority of the population will attend the
nearest facility and that all of the facilities that are
available are within the boundary of Port-Harcourt. In
reality, PHCCs located outside the boundary of Port-
Harcourt may be preferred by some residents
especially if they are closer to their places of work,
for example. On the supply side, the assumption is all
of the facilities have the same capacity and provide
the same services. In reality this may not be the case.

Three analyses were run to: (1) assess the
locations of 17 current PHCCs using an evaluation
function to minimise the demand weighted distance.
Sets of locations that minimises the person-distances
are assumed to be optimal; (2) suggest new set of
potential locations for 17 facilities using the 85
potential locations, again with an evaluation function
to minimise demand weighted distance; (3) suggest
the number of facilities needed using both current and
new locations to satisfy different levels of demand.

V. RESULTS AND DISCUSSIONS

A) Current PHCC locations

Table VI shows the total demand allocated
to each of the 17 current locations of PHCCs, the
mean distances between each PHCC and each
demand within its catchment and the demand
weighted distances (Persons/Km). The average mean
distance is 1204m. This result is within the
international criteria of 2km maximum distance a
patient is expected to travel to an urban health centre
that provide comprehensive primary care, as outlined
by Centre for Health Policy [60] and discussed in [61,
62]. The data in Table VI show the first five PHCCs
were allocated about 54% of the total demand with
the remaining twelve PHCCs having about 46% of
the total demand. Considering the assumption that
these PHCCs have the same capacity and provide the
same services, it is expected that the demand
allocation should be equal for an optimal location.
This means the current locations of PHCCs are not
optimal. The implication of this result is that PHCCs
with high demand allocation will be overstretched
while those with low demand allocation will be
underutilised. The total demand weighted distance for
the current set of PHCC locations is 720,464
Persons/Kilometre. This result provides evidence for
informed decision making in spatial planning and
policy development.

Table VI Demand Allocated to 17 Current PHCCs in
Port-Harcourt

S/no Health Demd Demd I\/_Iean Pers/Km

Centres (%)  dist.(m)
Okija

1 Street 65001 12.68 1672 108682

2 Azuabie 57179 11.16 717 155355
Amadi-

3 Ama 56645 11.05 1383 78340

4  Orogbum 53543 1045 1263 67625
Mile3 Fsp

5 Clinic 41784  8.15 1343 56116

6 Borikiri 41133  8.03 1306 53720

7 Elekahia 32059 6.26 1151 36900

8 Ozuboko 28393 554 )46 26860
Potts

9 Johnson 24911 486 1005 25036
Churchill

10 Street 23115 451 313 18792
Bmh
Immun.

11 Post 20683  4.04 1132 23413
Marine

12 Base 18337 3.58 1156 21198
Bundu

13 Ama 17263  3.37 68 16711

14 Abuloma 12838 251 784 10065
Bank

15 Road 10203 1.99 1472 15019
Okuru-

16 Ama 5273 1.03 897 4730

17 City 4090 0.80 465 1902

ISSN: 2393 - 9206

www.internationaljournalssrg.org

Page 6




SSRG International Journal of Geo informatics and Geological Science (SSRG-1JGGS) — Volume 4 Issue 2 May to Aug 2017

Council

B) Potential locations of PHCCs

The spatial distributions of the 17 optimal
locations selected from 85 potential locations were
mapped together with the location of 17 current
PHCCs (see Figure 7). The details of the locations
and their allocation are shown in Table VII along
with the mean distances between each optimal
location and the demand within its catchment and
their demand weighted distances (Persons/Km). The
average mean distance for the 17 optimal locations
was found to be 1074m. This indicates a reduction in
the average distance travelled when compared with
the current locations of PHCCs by 130m. It can be
argued that for this set of experiment, the results
show little improvement in the current locations of
PHCCs but the demand serviced by each of the
locations is now much more even and the total
demand weighted distance is now 569,084
Persons/Kilometre suggesting that considerable
improvement on current locations is possible with
large impacts for many people.

Legend

[ port_harcourt A

Potential site

Health centres
2 4 Kilometres
Demand

Figure 7 Spatial Distribution of 17 Optimal Locations
Selected from 85 Potential Locations (blue crosses) and
17 Current Locations of PHCCs (red circles). The
Digital Boundary is Copyright for Geotechnics Services
2011.

C) Adjusting the Number of Locations

The analysis was run to select sets of 5 to 16
PHCCs from current locations and to select sets of 5
to 20 locations from 85 potential new locations. In
both cases the mean distances to the nearest PHCC
(in metres) and the total demand weighted distances
were considered. The results in Table VIII show the
current distances, modelled distances and the
difference between current and modelled distances
for specific number of PHCCs used as subsets. The
average distances (in metres) to the nearest current
locations (current distances) and optimal locations
selected from 85 potential new locations (modelled
distances) were plotted against the number of PHCCs
in a subset (see Figure 8).

Figure 8 shows a graph of average distances
(in metres) to the nearest current locations (current
distances) and optimal locations selected from 85
potential new locations (modelled distances) plotted
against the number of PHCCs in a subset. The graph
shows the average travelled distance for both current
and modelled distances reduces as the number of
locations in the subset increases but that it reduces
more with the optimally selected locations. While the
distances may be small (as shown in Table VIII)
many fewer people have further to travel to their
nearest PHCC and access to treatment within a very
short time period is often critical in many medical
emergencies. The results suggest that 13 optimally
sited PHCCs points selected from 85 potential new
locations provide the same coverage as the current 17
facilities. The results also suggest considerable cost
savings could be achieved without affecting service
delivery if fewer but new locations are used.

Table VII Demand Allocated to Potential PHCCs in
Port-Harcourt

S/n Health Deman Deman  M€an  Person
Centre d d (%) dist.(m /Km
s )
1 2 43625 8.51 1704 74337
2 41 43542 8.50 1115 48549
3 10 40839 7.97 1141 46597
4 62 38070 7.43 1256 47816
5 30 37194 7.26 1053 39165
6 68 35797 6.99 1080 38661
7 56 35755 6.98 1001 35791
8 33 34986 6.83 1113 38939
9 71 31854 6.22 1045 33287
10 46 31305 6.11 1038 32495
11 16 23883 4.66 1129 26964
12 8 21508 4.20 784 16862
13 42 21501 4.20 795 17093
14 4 19265 3.76 869 16741
15 15 18668 3.64 1173 21898
16 19 17498 341 1008 17638
17 72 17160 3.35 947 16251

This study applied the binary dasymetric
interpolation method to generate demand population
values over small areas of unknown distributions in
Port-Harcourt, Nigeria. The accuracy of the
interpolations was assessed using google earth
reference and it was found to be 87% correct. The
choice of the interpolation method was via work on
Leicester data [46] where the actual population
distribution is known and the results were validated
across a range of spatial scales and resolutions
supported by ancillary data. It can be argued that the
best performing technique for an area may not likely
provide the best fitting target zone estimates for
another different area, as has been found by
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Zandbergen and Ignizio [23] who compared
dasymetric mapping techniques in four US States,
and no single technique performed best in more than
one state. But the spatially distributed population
surfaces generated in this study showed estimates
were allocated to only areas identified as built-up and
the surfaces have a potentially useful degree of
precision based on the results of the accuracy
assessment of some random points using google earth
reference. The interpolated surfaces also depict the
underlying population distribution in Port-Harcourt.
The high accuracy of the interpolated surfaces was
not surprising because Fisher and Langford [63]
examined the sensitivity of the population estimates
to error in the classified imagery with the assumption
that errors are spatially random, and the results show
the dasymetric method to be robust to classification
error. A robust technique is more likely to “perform
well for different study areas across a range of
different conditions” [23].

The demand surfaces were then used to
evaluate the locations of current PHCCs and then to
suggest alternative spatial arrangements for health
centres in Port-Harcourt, Nigeria. The total demand
weighted distance was found to be 720,464
Persons/Km and 569,084 Persons/Km for the current
set of PHCC locations and for the alternative spatial
arrangements for health centres respectively. This
result suggests that considerable improvement on
current locations is possible with large impacts for
many people. Distance plays a vital role in evaluating
spatial access to health services and analysis of
distance from patients’ homes to the nearest health
centre is an objective indicator of geographic
accessibility to health services [64]. In such
situations, the most appropriate method is to measure
actual travel distance (or travel time) on a road
network [65]. Travel distance to health facilities from
homes has been shown to be a barrier to accessing
health centres [66, 67].

Table VIII Current and Modelled Average Distances

for Facilities
PHCCs Current Modelled Difference

(m) (m) (m)
5 2141 2017 124
6 1968 1839 129
7 1837 1716 121
8 1624 1604 20
9 1565 1476 89
10 1488 1348 140
11 1454 1307 147
12 1392 1255 137
13 1324 1206 118
14 1292 1162 130
15 1270 1130 140
16 1235 1105 130

17 1204 1074 130
18 - 1046 1046
19 - 1033 1033
20 - 996 996
E ) = Current distances
w *Modelled distances
£
og
<
| T T
0 5 10 15 20

Number of Health Centres

Fig 8 Variation in Average Distance Travelled from
Demand To: (8) Nearest Location of Current Phccs
(Current Distance); And (®) Nearest Potential Location
Selected From 85 Potential New Locations.

The analysis indicated that fewer PHCCs in
a different spatial arrangement could satisfy the
spatial distribution of demand. This is very important
as it shows the use of these demand population values
to obtain optimal locations of health centres. This has
the potential to reduce travel distance to PHCCs and
more children are likely to attend routine childhood
immunisation that is more likely to reduce outbreak
of diseases, thereby, reduce the death of children
below the age of five. Many studies have reported
reduced childhood vaccination coverage with
increased travel distance from homes [68-70]. Some
other studies have reported strong association
between routine childhood vaccinations and survival
among infants in developing countries [71, 72] as
these vaccinations guard against life-threatening
diseases and reduce the spread of these diseases [73].
Potential beneficiaries are more likely to complete
routine childhood immunization if the services are
provided within a reasonable travel distance from
their homes. The implication of lack of this is that
more children remain unvaccinated and are exposed
to risk of death from preventable diseases. Therefore,
optimal location of PHCCs is of critical importance to
provision of adequate care as it is more likely to
increase patients’ attendance to PHCCs and reduce
outbreak of diseases, thereby reducing the death of
children below the age of five [68, 74].
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VI. CONCLUSION

This study demonstrates the usefulness of
applying the binary dasymetric interpolation method
to a region where detailed population data are not
available, in order to redistribute summary population
totals over small areas. The method divides the
source zones into populated and unpopulated regions,
and uses only the populated regions to calculate the
population density and generate population surfaces.
These spatially distributed estimates of the population
were applied to a case study and used as demand to
evaluate location decisions of 17 PHCCs in Port-
Harcourt. PHCCs provide first level health care
services critical to the survival of children below the
age of five. A robust location-allocation method
applied in this study minimises the total weighted
distance travelled between PHCCs and demand points,
thereby more likely to provide optimal accessibility
to facility locations. This approach offers a useful
improvement in net service accessibility, as it reduces
the average travelled distance to its nearest health
centre for the most people. These approaches can
provide critical evidence to health planners to inform
spatial decision-making.

A major limitation of this study is the lack of
validation for the population estimates generated for
Port-Harcourt. One approach to validate the
population surfaces is to compare the results of a
section of the study area with estimates obtained
using manually digitised data for the selected area.
The concept of dasymetric mapping was useful in
Port-Harcourt since about one-third of the area within
its boundary is covered by water. The method has the
potential to allow public health agencies to target
interventions by spatially modelling demand and to
potentially increase the uptake of things like
childhood immunisation to reduce outbreak of
diseases and the death of children below the age of
five. One of the Millennium Development Goals
(MDGs) as described by [75] is to reduce “child
mortality rate among children under 5 by two-thirds
by the year 2015”. They may have done this, they
may not, but the methods presented in this work show
how such goals could be more easily achieved.

There are a number of areas for future work
arising from this research. Future research should
consider conducting small area surveys to collect data
from individual households or another data source at
small area level, in order to validate the large scale
demand surfaces. There are many mobile and web-
based technologies that would enable that to happen
remotely. Second, examine the dynamic pattern of
demand rather than operate on the assumption of
static demand. This is well known to have temporal
variation at many different scales. This study has
assumed demand only comprises residential-based
night-time population as obtained from census
estimates and not proximity to work places which

may have affected the results of the analyses. This is
because daily activities such as travel to work that
characterise peoples’ behaviour were not considered
when modelling locations for services. It is expected
that more detailed census data for Nigeria will soon
become available as the office of the Surveyor
General of Nigeria and the National Boundary
Commission are jointly working on demarcating ward
boundaries to allow creation of their digital
boundaries. Future research could also employ proxy
datasets such as mobile phone records from Nigerian
Communications Commission (NCC) to represent the
spatial distribution of the population. However, there
are a number of concerns with these proxy datasets
such as the different time of the day the data was
recorded, the data may not represent all population as
the children and elderly are not likely to use mobile
phones, duplication of records as some residents may
have more than one mobile phone etc. Footpath data
would be obtained and incorporated into the distance
matrix to evaluate access as the present study assume
all roads are easily travelled with no traffic
concentrations. This is because in reality some
residents travel on foot from home to PHCCs, which
most times travelling on a footpath is shorter than the
road network. The study also considered a decrease in
average travel distance, although travel time may be a
better choice, and is more likely to improve overall
accessibility to PHCCs.
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