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Abstract: The emergence of low-cost sensors for atmospheric observations presents a new 10 

opportunity for identifying atmospheric emission sources based on high-resolution data 11 

reporting. Low-cost sensors have been widely assessed for use in source monitoring and 12 

identification of hotspots of key atmospheric species in advanced countries (e.g., for CO, NOx, 13 

CO2, SO2, O3, VOCs and PM (PM10, PM2.5 including emerging PM1). In contrast, research in 14 

recent years has focused on their utility for real-time monitoring, understanding precision and 15 

associated calibration requirements in technologically lagging environments. This leads to 16 

limited evidence on the utility of high-resolution data from low-cost sensor networks for air 17 

pollution source identification in Ghana and more widely across the African continent. In this 18 

paper, we demonstrate the potential of low-cost sensors for emission source apportionment 19 

in urban areas of Ghana when used with analytical tools such as sectoral and cluster analysis. 20 

With a 14-week dataset from a low-cost sensor deployment study at Cape Coast in the Central 21 

Region of Ghana, we aimed to identify sources of particulate matter (PM2.5 and PM10). PM 22 

pollution was local (associated with increased PM at wind speeds of ≤ 2 ms-1). High levels of 23 

PM during this study were associated with transport from the NNE. For coarse PM, hourly 24 

levels as high as 125 µg/m3 were observed at higher wind speeds (7-8 ms-1) indicating the 25 

importance of meteorology in the transport of PM. This study suggests that low-cost sensors 26 

could be deployed to (1) augment any existing sparsely distributed air quality monitoring and 27 

(2) undertake air quality monitoring for source apportionment studies in areas with no existing28 

air quality observational capability (with appropriate calibration and operation in both cases). 29 

The urban landscape monitored in this study is typical of both Ghana and wider areas across 30 

Sub-Saharan Africa demonstrating the reproducibility of this study.  31 

32 

33 

34 

Keywords: Ghana; Sub-Saharan Africa; low-cost sensors; cluster analysis; source 35 

apportionment. 36 
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 37 

1 Introduction 38 

A key issue in controlling air pollution is characterizing sources of emissions. Air pollution 39 

mitigation strategies can only be effective if appropriate measures are employed to understand 40 

and characterize emissions sources (Carslaw and Beevers, 2013). In general, atmospheric 41 

emission sources in urban settings are complex and variable. Those encountered in Ghana, 42 

which is typical of larger swaths of Sub-Saharan Africa (SSA) are both complex and variable 43 

as well as having limited regulation or controls. Characterising emission sources requires the 44 

collection of appropriate spatiotemporal air quality data (Hagan et al., 2019). These data are 45 

useful for air quality management, tracking of existing air quality standards and assessing 46 

human health exposure to air pollution (Hagan et al., 2019). Therefore, governmental agencies 47 

widely employ conventional air quality monitoring approaches consisting of relatively 48 

expensive and specialist instrumentation and support (i.e., requiring trained technical staff and 49 

significant infrastructure) to sample air quality data (Schwela, 2012a; Snyder et al., 2013; Rai 50 

et al., 2017). As a result, conventional air quality monitoring stations are mostly sparsely 51 

distributed in urban centres. In effect, spatiotemporal measurement of air quality species (e.g., 52 

PM2.5, PM10, CO, NOx and O3) is limited (Moltchanov et al., 2015; Snyder et al., 2013; Rai et 53 

al., 2017; Hagan et al., 2019). The situation is more pronounced in low and middle-income 54 

countries such as Ghana and across wider swaths of SSA. This is due to the sporadic nature 55 

of air quality campaigns and lack of monitoring capabilities (Schwela 2012a; Petkova et al., 56 

2013; Jovašević-Stojanović et al., 2015).  57 

In addition to the above, source apportionment studies are challenging to undertake in part 58 

due to the limited availability of appropriate air quality data derived from the current regulatory 59 

air quality monitoring regime in Ghana (see Hodoli et al., 2020). In this study, the use of 60 

meteorological data with data from low-cost sensors is used to provide insight into 61 

understanding local PM pollution. These types of analysis can reveal source features if an 62 

appropriate amount and quality of data is gathered on the species of interest (Statheropoulos 63 

et al., 1998).   Developing emission inventories e.g., based on the use of regression model 64 

slopes as applied to collected data is limited. This is in part due to the lack of appropriate local 65 

data. Where this work is undertaken, it is often the case that suitable data is unavailable and 66 

is substituted with data from previous studies, short-term air quality monitoring data or nearby 67 

location/ regional data (Grange et al., 2016). This is a feature of studies in Ghana and wider 68 

Africa (see Schwela, 2012a; Petkova et al., 2013) but Manoli et al., (2002) showed that to 69 

comprehensively understand the relationship between atmospheric variables, an appropriate 70 

and reliable data source is paramount. 71 

The emergence and utility of low-cost sensors (LCS) have shifted the paradigm and offer a 72 

new approach to populating air quality data. Potentially, LCS provide an alternative approach 73 
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and can be deployed in networks to provide additional air quality data. Instruments based on 74 

low-cost sensing are becoming increasingly commercially available (e.g., Mead et al., 2013, 75 

Snyder et al., 2013; Kumar et al., 2015; Castell et al., 2017) and have been shown to be robust 76 

with lower installation and operational overheads (Mead et al., 2013, Snyder et al., 2013; 77 

Kumar et al., 2015; Castell et al., 2017). A number of studies have demonstrated the potential 78 

of using LCS for air quality campaigns considering ease of deployment, the potential for 79 

relocation, routine data acquisition tied to internet-based platforms, and little need for human 80 

intervention (e.g., Kumar et al., 2015; Moltchanov et al., 2015; Snyder et al., 2013; Mead et 81 

al., 2013). These characteristics of LCS make them suitable for these types of studies as 82 

compared to traditional reference-grade instrumentation.  83 

 84 

In recent years, the focus on the use of low-cost sensors has been on performance evaluation 85 

under real-world conditions, precision, developing appropriate data calibration and validation 86 

methodologies (see e.g., Mead et al., 2013; Baron and Saffell, 2017; Malings et al., 2019 in 87 

Europe and America; McFarlane et al., 2020; Subramanian et al., 2020; Raheja et al., 2022 88 

emerging studies on LCS calibration studies in Africa and investigating how these low-cost 89 

devices can be used for real-time monitoring e.g., Wang et al., 2015; Jiang et al., 2016; Jiao 90 

et al., 2016; Rai et al., 2017). There has however been little information on applying LCS to 91 

expand our understanding of factors contributing to air pollution levels (for example identifying 92 

sources of atmospheric emissions) in environments with sporadic air quality monitoring 93 

approaches such as those encountered in low- and middle-income countries e.g., Ghana and 94 

wider parts of SSA (Lewis et al., 2018). In this study, we have demonstrated the application of 95 

LCS data for emission source identification by deploying low-cost multi-sensor nodes at Cape 96 

Coast in the Central Region of Ghana. This pilot study is to understand sources of PM using 97 

bivariate polar plots and cluster analysis. The application of these types of data from LCS for 98 

this type of work is to serve as an exemplar for emission source identification in these types 99 

of environments, specifically in Ghana and wider parts of SSA.  100 

 101 

2 Methodology 102 

2.1 Instrumentation and data acquisition 103 

A relatively low-cost multi-sensor instrument was used for this study (model AS510, 104 

Atmospheric Sensors, UK). Technical characteristics of the static multi-sensor node are 105 

summarized in Table 1. The node contains a range of sensor technologies used for monitoring 106 

key pollutant species (i.e., CO, NO, NO2, O3, VOCs, CO2, PM – PM10, PM2.5 and emerging 107 

PM1), and environmental variables (temperature and relative humidity) but the focus of this 108 

study is on the PM data. The PM data was used because of 3 main reasons – 1. PM pollution 109 
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sources are complex and varied in urban settings; 2. PM is used globally for setting air quality 110 

standards and 3. The Ghana EPA recognized PM as one key species for air quality 111 

management in Ghana and 4. On gaseous species, there were no resources available to 112 

undertake any form of data correction and studies have shown that out-of-the-box values for 113 

these types of species are not reliable compared to the PM species (e.g., Mead et al., 2013; 114 

Baron and Saffell, 2017; Crilley et al., 2018; Spinelle et al., 2017 )  Also, this paper focused 115 

on PM species but does point to the future use of other measured species if and when the 116 

infrastructure needed for reliable calibration becomes available. However, since this 117 

requirement has not yet been met, LCS data on gaseous species are not considered in the 118 

present analysis. Further to this, the technology underlying each of the monitored species is 119 

different (see Table 1) and calibration needs are similarly different. The node has integrated 120 

GPS for location logging and accurate timestamping as well as GPRS for data telemetry. The 121 

PM data for this study was obtained from the optical particle counter sensing technology 122 

(OPC-N2, manufactured by Alphasense, UK) which measures scattered light from the sample 123 

flow of aerosol particles to reconstruct particle mass levels (Hinds, 1999) (details in Table 2). 124 

Modelled wind data obtained from the Global Forecast System (GFS) repository was used in 125 

this study (NOAA, 2019; López and Schliep 2019). The GFS consists of datasets from the 126 

National Oceanic and Atmospheric Administration (NOAA) and the National Centres for 127 

Environmental Prediction (NCEP) (López and Schliep 2019). In this database, wind data since 128 

2011 is saved at 3-hour intervals daily in velocity vector format with a resolution of 0.5 degrees 129 

and ~50 km at the Earth’s surface. 130 

 131 

Table 1: Characteristics of the static AS510 multi-sensor node 132 

Technology (AS510) Purpose  
Optical particle counter (Alphasense OPC-N2) PM1, PM2.5 and PM10 

Electrochemical cells (Alphasense A4) CO, NO, NO2 and O3 

Photo ionization detector (PID) VOCs 

Non-dispersive infra-red (NDIR) CO2 

Global positioning system (GPS) Timestamp and location 

General packet radio service (GPRS) Data telemetry 

SD card Local data storage 

Capacitive Temperature and relative humidity 

 133 
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Table 2: Characteristics of Alphasense OPC-N2 (AS510 Manual) 134 

Alphasense OPC-N2 
Measurement Particle range (μm) 0.38-17 

Number of software bins 16 

Size categorization 1.4-10 

Flow rate (Lmin-1) 1.2 

Max particle count rate (s) 10,000 

Key specifications Digital interface SPI (Mode 1) 

Laser classification  Class 1 

Temperature range (°C) -20 to 50 

Humidity range (% rh) 0 to 95% (non-condensing) 

Weight (g) < 105 

 135 

2.2  Study area 136 

Cape Coast is the capital of the Central Region and an emerging urban setting situated in the 137 

South of Ghana on the Gulf of Guinea. The preliminary report of the Ghana Statistical Service 138 

indicated that the Central Region has a population of 2,859,821 (GSS, 2021) The region is 139 

relatively humid with mean monthly relative humidity (RH) ranging between 85% and 99% as 140 

compared with a range of 77% to 85% in Accra (World Weather Online). The predominant 141 

wind direction at Central Region is from the south which has the potential to transport 142 

pollutants from across the region to Cape Coast as well as for onshore relatively clean air 143 

masses to be transported.  144 

Details on background activities for the deployment area and period are described in Hodoli 145 

et al., 2020. Data from one node is used in this source apportionment study as it has been 146 

shown that the two nodes provided consistent measurements for PM species (see Hodoli et 147 

al., 2020). Typical sources in the area include unpaved roads (re-suspended dust), road-side 148 

food preparation (biomass and gas combustion), taxi ranks (vehicular) and roads used by 149 

private vehicles as well as heavy trucks and commercial vehicles (Schwela., 2012a, Lelieveld 150 

et al., 2015; HEI, 2019).  151 
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 152 
Figure 1: Overview of the deployment area at the University of Cape Coast (UCC) with background activities. The 153 
green circle shows the location of the deployed node (05°06′N 01°15′W) OpenStreetMap (and) Contributors, CC-154 
BY-SA (accessed on 09.01.2020 using QGIS). 155 

 156 

2.3  Analysis methodology 157 

This section presents details on the analysis methodology used in this study specifically polar 158 
plots and cluster analysis including calibration methodology. As a proof-of-concept study, the 159 
application of these analyses was undertaken in the default mode and has been duly stipulated 160 
in the sub-sections below. 161 

2.3.1 Bivariate polar plots 162 
The bivariate polar plots (Carslaw and Ropkins, 2012) can be used for source apportionment 163 

studies using data from LCS. This approach of having a mixing ratio of pollutants plotted in 164 

polar coordinates for source identification is not new (Carslaw and Ropkins, 2012) but is suited 165 

to small sensors as these devices are capable of acquiring air quality data at relatively high 166 

resolutions in both time and space if they are deployed as properly calibrated and operated 167 

networks (see e.g. Mead et al., 2013; Snyder et al., 2013; Rai et al., 2017). This approach has 168 

been demonstrated by source apportionment studies in an airport setting and in exploring 169 

characteristics of dispersion of pollutants in street canyons (Carslaw et al., 2006). Bivariate 170 

polar plots suggest potential sources of air pollutants based on wind speed and direction and 171 

pollutant level. The acquired measurement data (in this case concentrations of PM) are plotted 172 

as a function of wind speed and direction. These types of plots have been tested on a wide 173 
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variety of data and it has been suggested that wind direction intervals of 10 to 30° capture 174 

enough detail of pollutant dispersion to allow for source identification (Carslaw and Beevers, 175 

2013). The data were grouped into bins based on wind speed and wind direction using 176 

machine learning. Concentration means are then calculated for each of these bins (Carslaw 177 

and Ropkins, 2012; Carslaw, 2015). The combination of wind speed and direction is an 178 

efficient approach in differentiating varying sources of air pollution (Carslaw and Beevers, 179 

2013). As a proof of concept, modelled wind directions data were approximated to 10° with 180 

typical surface measurements usually between 0-30 ms-1. Wind speeds beyond 30 ms-1 were 181 

eliminated as these were proven to have been difficult to confirm as accurate (see Carslaw 182 

and Beevers, 2013). This aggregation of data provided a reduction technique without a bias 183 

analysis of the plots since wind component data is variable and tend to diffuse making raw 184 

data to yield limited results (Carslaw, 2015). In pollution forecasting the relationship between 185 

variables is non-linear but their interactions are important. To account for this, a surface fitting 186 

model, the Generalized Additive Model (GAM) (e.g., Hastie and Tibshirani, 1990; Wood, 2006) 187 

was applied to the polar plots (Carslaw and Ropkins, 2012) to provide a smoothing approach 188 

useful for pollution forecasting. 189 

2.3.2 Cluster analysis  190 
Cluster analysis is a useful tool for identifying features and source extraction from polar plots 191 

(details can be found here Carslaw, 2015). This is an advanced technique which selects 192 

groups with similar characteristics and maps them and provides means to understand source 193 

features as compared to the polar plots. In essence, bivariate polar plot interpretation is limited 194 

by the ability of the investigator which may lead to bias as investigators tend to focus on areas 195 

of interest in these types of plots. Further to this, some patterns may not be plotted in the 196 

selected intervals of the wind components (Carslaw, 2015). Cluster analysis using the k-197 

means algorithm provides a better approach than bivariate polar plot analysis. This algorithm 198 

for clustering was introduced by Hartigan (Hartigan, 1975). This procedure allocates a number 199 

of observations into clusters using k-means clustering. The data allocation process groups the 200 

pollution data with similar diurnal patterns into one group using the k-means. With the k-201 

means, (i.e., grouping the data by making in-group data points more similar to each other than 202 

to out-of-group data points), cluster analysis is performed in which features in bivariate polar 203 

plots are identified and categorized (Shi et al., 2014). This categorisation helps to identify 204 

records in the original time series data, enhancing post-processing for identification of potential 205 

source characteristics. Firstly, k points are randomly selected from the space represented by 206 

the objects that are being clustered into k-groups. These group points are then represented 207 

as centroids and every object is attached to a group with the closest centroid (Carslaw, 2015). 208 

The k centroids are then recalculated after assigning all objects; recalculation and group 209 
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assignment is done until the centroids no longer move, in which case the objects are grouped 210 

to minimize the algorithm’s metric. The three most important variables in this analysis are wind 211 

speed, direction measure and concentration. As per principle, more weight is given to the 212 

concentration rather than the wind components though this tends to identify clusters with 213 

similar concentrations with varying sources (Carslaw and Ropkins, 2012). Data binned by 214 

cluster can be presented as a stacked bar chart time series (Carslaw, 2015). This approach 215 

is often used to support outputs from the cluster analysis (Carslaw and Ropkins, 2012). A 216 

recent study using this type of approach has shown that k-means clustering is an effective 217 

way of extracting source features using data from LCS (Bousiotis et al., 2022). This approach 218 

however requires experts with sophisticated machine learning skills and application. 219 

2.3.3 Calibration methodology 220 
This study relied on factory calibration methodology for the use of the OPC-N2 data because 221 

past studies have found that relative humidity below 85% has a limited impact on the accuracy 222 

of the OPC-N2 PM data (see for example Crilley et al., 2018) and Spinelle et al., 2017 found 223 

no impact of temperature and relative humidity on the reported OPC-N2 PM data. This makes 224 

the factory-calibrated OPC-N2  PM data useful for understanding the complex sources of PM 225 

pollution in urban settings in SSA with appropriate data mining tools/ analysis. Per these 226 

standards, the reported PM data used in this study have been considered to meet the required 227 

quality control/ quality assurance protocols.  228 

 229 

3 Results and discussions 230 

3.1 Trend analysis of PM 231 

It is noteworthy that though the levels of PM1 and PM2.5 vary, the diurnal trends follow a 232 

common pattern which varies from PM10 (see Figure 2). Both PM1 and PM2.5 peak at the same 233 

period (at approximately 0600hrs) while PM10 peaks at approximately 1300hrs. This trend 234 

analysis has revealed that fine particles (PM1 and PM2.5) in this case are likely to be from a 235 

similar source (the site is heavily influenced by local traffic and re-suspended dust).  236 
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237 

 238 
Figure 2: Trend analysis of PM (where A – shows PM1 and PM2.5 and B shows PM10) at UCCSM. Top panels of A 239 
and B: daily variation; Bottom left panels of A and B: hourly variation; Bottom middle panels on A and B: monthly 240 
variation and Bottom right panels of A and B: day of the week variations of PM species 241 

 242 

3.2 Source apportionment of PM 243 

Wind roses were generated for the period of deployment (Carslaw and Ropkins, 2012). These 244 

showed the frequency of wind contribution in percentage (represented as counts) by wind 245 

direction. Intervals of 10% were used to establish wind conditions and highlight the sources of 246 

atmospheric emissions (as shown in Figure 3). This showed that NNE winds were the main 247 

sources of atmospheric emissions at the Cape Coast (UCCSM) study area. These were shown 248 

in the polar plots where the resulting analysis suggests local sources – see Figures 5 a, b and 249 

A 

B 
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c were used to identify the sources of monitored species based on the high-resolution data 250 

from the low-cost devices deployed for this study. The relationship between PM1 and PM10 251 

suggests that an important source of particulate matter is located towards the NNE of the 252 

deployment site. This source is either biased towards lighter particles or that larger particles 253 

are removed before arriving at the monitoring site. The data also potentially points towards a 254 

more local source of lighter particulates nearer to the monitoring site which has an important 255 

role in composition at lower wind speeds. Under still conditions, it seems there is no significant 256 

local source for coarse particles. Overall PM levels were relatively high (20 µg/m3 for PM1, 35 257 

µg/m3 for PM2.5 and 220 µg/m3 for PM10 as compared to the past recommended 25 µg/m3 and 258 

50 µg/m3 and the new (15 µg/m3 and 45 µg/m3) limits of the WHO for PM2.5 and PM10 259 

respectively - WHO, 2021). Locally PM1 and PM2.5 concentrations were high while high PM10 260 

concentrations were observed at higher wind speeds. 261 

 262 
Figure 3: wind rose of meteorological data at UCCSM (Cape Coast) for the period of deployment 263 

 264 

At lower wind speeds (i.e. ≤ 2 ms-1), elevated levels of PM were observed, implying that there 265 

are potential local sources which heavily contributed to fine particles (PM1 and PM2.5) 266 

concentrations. This is expected due to the nature of the deployment site integrated with 267 

background activities specifically vehicular emissions and roadside food cooking. For PM1 and 268 

PM2.5 higher concentrations were experienced at westerly and northwesterly winds whereas 269 

the lowest concentrations were experienced at northeasterly winds (Figures 4a and b). For 270 

PM10, higher concentrations were observed at northerly and northeasterly winds (Figure 4c). 271 

Using the cluster analysis to extract source features, cluster 4 (associated with northerly winds 272 
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with speeds from 4-7 ms-1 in Figures 5a, 6a and 7a) contributed to PM levels as high as 11 273 

µg/m3 for PM1; 24 µg/m3 for PM2.5 and 125 µg/m3 for PM10.  274 

 275 

The analysis has shown that higher wind speeds (7-8 ms-1) from the north contributed to 276 

elevated PM. Regardless of the wind speed, PM1 is highest when winds are from the NNW 277 

direction (Figure 5a). For PM2.5, higher levels were experienced at low wind speeds and from 278 

NNW (Figure 6a). However, in the case of PM10, it is highest with both low wind speed from 279 

the north (associated with cluster 1; Figure 7a) and high wind speed from the northeast 280 

(associated with cluster 4) (Figure 7a). This indicates a likely source to the NNW for finer 281 

particles but more distant sources of coarse particles to the NNE. An examination of the 282 

background environment has shown that this type of result is expected as N is mainly unpaved 283 

flat land (lorry/ taxi park) adjacent to the main road which is usually dusty though paved; E is 284 

the main road which is often used by taxis, commercial vehicles and heavy-duty cars (diesel 285 

engines); NE is the mini-market with roadside food vendors including cooking; S is mainly 286 

office complexes with the coast about 3 km away; W is the main road but mostly unpaved 287 

about 100 m away from the deployment and NW is similar to NE except for high levels of wind-288 

blown dust from the unpaved road. To demonstrate this, a time-domain analysis was carried 289 

out using the clusters identified. The categorical bar chart obtained with this analysis (Figures 290 

5b, 6b and 7b) have shown that the peaks of PM are associated with cluster 4 (Figures 5a, 6a 291 

and 7a). At relatively higher wind speed (4-8 ms-1 associated with cluster 4), the effects of 292 

meteorology on atmospheric pollution changes are reduced (Carslaw and Beevers, 2013) 293 

which accounted for the agreement in the sources of PM as linked to the temporal variation 294 

plot. It is also important to note that this cluster analysis consistently grouped pollution levels 295 

from potentially the same source/ wind direction which was not shown in the bivariate polar 296 

plots. The downward trend shown in the PM species with high local levels (Figures 4a, b and 297 

c) and the contribution of the clusters from NNE winds as shown in the temporal variation plots 298 

(Figures 5b, 6b and 7b) is influenced by road traffic emissions as previous studies have 299 

reported similar scenarios (e.g., Kim et al., 2014) there are intermittent high sources. 300 

3.3 Cluster analysis for source identification and extraction 301 

In this study, this analysis is used to explore the effects of wind components on the measured 302 

concentrations of PM at Cape Coast over time (Figures 5a, 6a and 7a). 303 

 304 

Jo
urn

al 
Pre-

pro
of



  305 

 306 
Figure 4: Hourly bivariate polar plot of PM (a - PM1, b - PM2.5 and c - PM10) at UCCSM 307 

 308 

 309 

The selection of 4 clusters for this study was based on test running of a range of cluster sizes.  310 

This approach in the absence of a priori information re number of clusters provides a solution 311 

that offers the most appropriate solution for visualization and interpretation (Carslaw and 312 

Ropkins, 2012). For example, in this proof-of-concept, 4 clusters were used as removal of one 313 

cluster reduced resolution in the bivariate polar plots and the populations of each cluster are 314 

reasonably comparable. The addition of a fifth class or cluster was not used as during testing 315 

a fifth cluster was composed of very few data points. These 4 clusters were therefore used to 316 

derive information on the proportioning of wind components that contributed to PM pollution 317 

at Cape Coast. It has been observed that cluster 4 associated with N winds dominated in 318 

contributing to PM concentration.  This has been demonstrated using the temporal variation 319 

plots for each of the species (see Figures 5b; 6b and 7b). The contribution of each of the 320 

clusters have shown that daily averages were not only influenced by cluster 4. Also, there 321 

a b 

c 
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were instances where non-dominating clusters contributed to higher PM levels. For example, 322 

for PM1, from August 30th to October 1st, cluster 3 and 4 dominates with minor contributions 323 

from cluster 2 and the least being cluster 1 (Figure 5b). This was observed on daily averages, 324 

though the temporal patterns have shown that cluster 3 contributed to levels beyond 20 µg/m3. 325 

Additionally, it was also observed that more than one cluster contributed to PM levels which 326 

suggests multiple source domains. The temporal variation (see Figures 5b; 6b and 7b) plots 327 

have shown at what degree each of the defined clusters have contributed to PM levels. Some 328 

clusters were mainly associated with low PM concentrations. For example, from September 1 329 

to 19, all clusters contributed to high PM1 levels but cluster 1 contributed to the lowest levels 330 

recorded on September 16 and daily average of a little below 5 µg/m3 (Figure 5b). Cluster 3 331 

though not dominant, contributed to higher daily average (i.e., beyond 20 µg/m3) followed by 332 

cluster 4 which dominates with daily averages of a little below 15 µg/m3. A similar trend was 333 

observed from October 2 to 16 (Figure 5b). This study further demonstrates that cluster 334 

analysis if integrated with temporal variation is a tool that is applicable for source identification 335 

specifically source attribution based on wind components as evidenced by Carslaw and 336 

Beevers, 2013.  337 

 338 

 339 

With PM10, there were a number of higher daily averages associated with cluster 3; cluster 4 340 

also contributed to the reported high PM10 levels (a little above 200 µg/m3 as shown in Figure 341 

7b). The least contributing cluster to daily levels is cluster 1 with concentrations 10 µg/m3. 342 

These findings agree with similar findings by Zikova et al., (2017) using these types of sensors 343 

for PM estimation across urban centers. These findings do not only reflect possible multiple 344 

sources of PM with some events attributed to higher wind speed specifically for PM10 but 345 

demonstrate the applicability of low-cost sensor data for source identification (e.g., Mead et 346 

al., 2013; Zikova et al., 2017).  347 

 348 
Figure 5: (a) Cluster sources plot and (b) Temporal variation plot of daily PM1 concentration by the concentration 349 
of each cluster at UCCSM 350 

a 

b 
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 351 

 352 

 353 
Figure 6: (a) 4 cluster plot and (b) Temporal variation plot of daily PM2.5 concentration by the concentration of each 354 
cluster at UCCSM 355 

 356 
 357 

 358 
Figure 7: (a) 4 cluster plot and (b) Temporal variation plot of daily PM10 concentration by the concentration of each 359 
cluster at UCCSM 360 

 361 
 362 

 363 

4 Conclusions 364 

In this paper, we have demonstrated the efficacy of using bivariate polar plots and cluster 365 

analysis to characterize PM sources at Cape Coast with high-resolution (1-minute) data from 366 

LCS.  The applicability of low-cost devices for these types of studies is important for emission 367 

source identification in resource-constrained environments i.e., areas with sporadic or entirely 368 

absent conventional monitoring. This study also demonstrates the advantages of using LCS 369 

to provide initial, relative concentration data for tracking air pollution sources. While most of 370 

the recent studies on LCS focused on developing data correction mechanisms which are 371 

a 

b 

a 

b 
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dependent on reference-grade data, this is not always achievable in technologically lagging 372 

countries with limited air quality monitoring capabilities. This study demonstrated the 373 

usefulness of LCS data using complex methodologies to identify PM sources which do not 374 

necessarily require such advanced calibration methodology since relative concentrations are 375 

more important in distinguishing point sources and clusters. Therefore, LCS is a useful tool for 376 

source feature extraction, particularly in environments with limited to non-existent regulatory 377 

air quality monitoring stations. Overall, the analysis as presented in this paper is reproducible 378 

provided basic protocols in the analysis methodologies are followed.  379 

findings presented here show that LCS can provide useable data at an appropriate resolution 380 

for source feature extraction in urban environments such as those found in Ghana and wider 381 

SSA when combined with representative local wind data. This is of particular importance in 382 

resource-constrained settings such as those encountered in Ghana and the wider SSA region 383 

where urban areas are often characterized by complex and varying sources of atmospheric 384 

pollution. Though further studies are recommended especially for validating the reported data 385 

in this study, the protocols used in this preliminary study are reproducible for source 386 

identification with high-resolution data from low-cost sensors in Ghana and wider SSA. These 387 

are useful low-cost approaches that regulatory agencies, for example, the Ghana 388 

Environmental Protection Agency can use for source characterization, and informing location-389 

specific mitigation strategies for real-world benefits. 390 

 391 

 392 
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Key highlights 
 

i. Low-cost sensor data is suitable for source feature extraction. 
ii. Low-cost sensors are applicable for complementing air quality capabilities in Africa. 

iii. Cluster analysis and bivariate sectorial plots provide great insights into source 
apportionment studies. 

iv. Meteorology plays a key role in aerosol pollution. 
v. Localized PM pollution. 
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