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Abstract 

Air pollution and greenhouse gas emissions affect health, climate and agriculture. In sub-

Saharan Africa (SSA) air quality monitoring is underdeveloped which leads to uncertainty 

in the understanding of air pollution concentrations. However, studies that have been 

conducted in SSA show that ambient air pollution generally exceeds World Health 

Organization (WHO) guidelines. These studies show particularly high concentrations in 

urban areas such as Nairobi, Kenya. One of the key reasons is due to emissions from 

transport. Therefore, the main objective of this thesis is to quantify transport related 

emissions, set within the context of emissions from other sectors, using Nairobi, Kenya 

as a case study. Thus, this thesis has developed a methodology and framework at 

different scales (individual vehicle, city and national) to improve our understanding of 

transport-related emissions of air pollutants and greenhouse gas (GHG) to help guide 

policy making on future mitigation plans. 

Road transport emissions were investigated at multiple scales; at the finest scale, 

particulate matter (PM) emissions from the tailpipe were measured for a few vehicles 

using a novel multiplexed portable measurement system. At the urban scale, a model for 

fuel economy was constructed for a fleet from data collected in the field. Finally, at the 

national scale, available data gathered on fuel economy, vehicle activity and emissions 

were integrated to provide a country-level assessment of air pollution and GHG 

emissions from road transport, including evaluation of transport policies to reduce air 

pollution and GHGs.  
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1 Introduction 

 
Air pollutants ground level ozone (O3), sulphur dioxide (SO2), nitrogen dioxide (NO2), 

carbon monoxide (CO), particulate matter (PM), and lead (Pb) are designated as criteria 

pollutants as they are harmful to human health and environment (Suh et al., 2000; WHO, 

2006). In sub-Saharan Africa (SSA), exposure to particulate matter (PM) in ambient air is 

responsible for over 330 000 premature deaths annually (GBD, 2015; Forouzanfar et al., 

2016). The total cost of these deaths is estimated to be ~$215 billion (Roy, 2016). 

Greenhouse gas (GHG) emissions, CO2, methane (CH4) and ozone (O3) and air 

pollutants such as black carbon (BC) also influence both global and regional climate 

(UNEP, 2011; Shindell, 2012; Klimont et al., 2017). For Africa as a whole, the potential 

benefit by 2030 of implementing BC mitigation measures across all sectors has been 

estimated at 250 000 deaths avoided annually (UNEP, 2011; Shindell et al., 2012).  

The main cause of outdoor air pollution in SSA is emissions from combustion of fossil 

fuels used in industry, power generation, transport and domestic sectors (Schwela, 

2012). Furthermore, emissions from burning of biomass fuel, waste open-burning and re-

suspended dust from unpaved roads contribute significantly to air pollution in SSA 

(Liousse et al., 2014; Lacey and Henze, 2015; Amegah and Agyei-Mensah, 2016; Marais 

and Wiedinmyer, 2016). 

Few countries in SSA have the capacity and resources to establish and maintain long 

term ambient air quality monitoring (Odhiambo et al., 2010; Schwela, 2012; Petkova et 

al., 2013; Gaita et al., 2014; Amegah and Agyei-Mensah, 2016; WHO, 2016), making 

SSA one of the least studied regions in terms of air quality (Doumbia et al., 2012; 

Lourens, 2012). In addition there are limited epidemiological studies on impact of air 

pollution from Africa (Amegah and Agyei-Mensah, 2016). This leads to uncertainty in the 

understanding of air pollution concentrations in SSA.  
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However where studies have been conducted in SSA they have shown ambient air 

quality exceeds WHO guidelines for ambient PM (Petkova et al., 2013). These studies 

conducted show particularly high pollution concentrations in urban areas such as 

Nairobi, Kenya. The evidence demonstrates that urban air pollution levels in SSA cities 

often exceed World Health Organization (WHO) annual guidelines of 10 µg/m3 for 

particles of diameter less than 2.5 microns (PM2.5), and 20 µg/m3 for particles of diameter 

less than 10 microns (PM10). A summary of these measured values for SSA cities are 

shown in Figure 1.1 and the ambient air quality standards are shown in Table 1.1. 

 

Figure 1-1: Measured PM10 and PM2.5 for African cities, red line is the PM2.5 annual mean 

WHO guideline for ambient air quality, (10µg/m3). Source (WHO, 2015, 2016). 
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The ambient air quality monitoring studies summarised in Figure 1 come from a single 

station per city for periodic studies with the exception of those conducted in South Africa 

where a network of continuous monitoring sites exist (WHO, 2016). Therefore, most of 

SSA ambient air monitoring comprises short term measurements; this limits our 

understanding of the seasonal variation in pollution concentrations and only provides low 

density data that is inadequate for comprehensively evaluating air pollution models 

(Petkova et al., 2013). The limited long-term systematic monitoring of ambient air quality 

in SSA results in poor support for policy formulation for air quality management which 

could aid in the reduction of air pollution levels and associated impacts (Schwela, 2012). 

The number of deaths from PM air pollution in Africa has grown as the size of the urban 

population increases (Roy, 2016). This burden of air pollution will grow in the next 15 

years as African cities are projected to account for up to 85% of the population (Kumar 

and Barrett, 2008; Ncube, 2012; UN-DESA, 2014). The majority of the urban poor in 

SSA dwell in informal settlements with poor living and environmental conditions, further 

worsened by air pollution which previous studies have shown to be higher in lower socio-

economic status communities (Dionisio et al., 2010; Volavka-Close and Sclar, 2010; 

Smitk and Akbar, 2012; Clark et al., 2017). 

Urban air pollution in SSA is on the rise, one of the key reasons is due to transport 

emissions (Doumbia et al., 2012; Schwela, 2012; Petkova et al., 2013; Liousse et al., 

2014; Marais and Wiedinmyer, 2016). The growth of SSA cities attributable to population 

growth and inward migration from rural to urban areas is increasing the demand for 

transport (Pirie, 2013). SSA cities are beset with urban sprawl that cause stress to an 

outdated and overburdened transport system that is under strain of congestion (Olvera et 

al., 2013). Public transportation, shown to ease congestion and pollution in cities, is in a 

poor state in SSA because of inadequate investment, poor planning and deregulation 

(Kumar and Barrett, 2008; Assamoi and Liousse, 2010; Kinney et al., 2011; Petkova et 

al., 2013; Marais and Wiedinmyer, 2016; Behrens et al., 2017). Public transport in SSA is 
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mostly informal, made up of minibuses, vans, three-wheelers and motorcycles (Cervero 

and Golub, 2007; Assamoi and Liousse, 2010). Vehicle ownership in SSA is low 

compared to developed countries where motorization may have reached saturation 

levels (Dargay and Gately, 1999; Dargay et al., 2007). However, vehicle ownership is 

increasing in SSA as those with disposable income import second-hand private cars and 

the use of motorcycles for public transport proliferates (Kumar and Barrett, 2008; 

Assamoi and Liousse, 2010; Marais and Wiedinmyer, 2016) 

The increase in vehicle emissions because of rapid motorization in SSA, is exacerbated 

by an old vehicle fleet, high proportion of second-hand vehicle imports, poor 

maintenance, lack of regulation and/or implementation of vehicle and fuel standards, 

poor fuel quality and/or adulterated fuel, and poorly maintained and/or unpaved roads 

(Assamoi and Liousse, 2010; Kinney et al., 2011; Petkova et al., 2013; Liousse et al., 

2014; Marais and Wiedinmyer, 2016). Understanding the contribution each emission 

sector (including transport) makes to the pollution load is an important step towards 

developing urban air quality management plans. Unfortunately, the  lack of data in SSA 

has made it extremely difficult to quantify the contribution of the transport sector to air 

pollution (Schwela, 2012; Petkova et al., 2013). Kenya is one such country in SSA facing 

challenges of urban air pollution due to a rapidly growing vehicle fleet whose emission 

potential is largely unknown. 

A review of published studies to ascertain the state of Kenyaôs air quality is summarised 

in Figure 1.2; sample averaging time of the measurements of PM2.5, PM10 and BC are 

grouped by periods of less than 24 hours, 24 hours and annually. The air pollution 

measurements in Kenya highlight 4 key findings: the measurement studies carried out in 

Nairobi are predominantly short term studies with the exception of one annual study, PM 

concentrations regularly exceed WHO air quality guidelines (WHO, 2006), studies also 

highlight the concentrations are particularly high at roadsides and near roadways and 

mostly attributable to vehicle emissions (Gitari, 2000; Gatari et al., 2005, 2013; van Vliet 
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and Kinney, 2007; Odhiambo et al., 2010; Kinney et al., 2011; Gaita et al., 2014; Shilenje 

et al., 2016).  

 

Figure 1-2: A summary of literature reported PM2.5, PM10 and BC for Kenya for studies 

from 2000 to 2017. The red line is WHO guideline for PM2.5 and PM10 annual and 24 hour 

limits in ambient air. The green bar represents the lower and upper range of PM2.5, PM10 

and BC concentrations in µg/m3. 

The highest PM values were measured at a roadside and registered a value of 239±126 

µg/m3  for PM10 
 as an 8 hour average (Odhiambo et al., 2010). Similar results were 

found for PM2.5  having a 22% higher 11 hour average concentration than sites located in 

the  central business district (CBD) (Kinney et al., 2011); the BC in PM2.5 samples from 

roadside measurements was over 32 µg/m3. Such concentration levels are in the range 

of values  often found in megacities (with populations in excess of 10 million) 



 

7 
 

emphasising the high pollution levels in Nairobi whose population is only between 3 to 4 

million (Gatari et al., 2013). Only one study (see Figure 2) found PM values to be less 

than the recommended WHO guidelines (Shilenje et al., 2016). A long term study 

conducted for 33 months at two sites: an urban background site and a residential site, 

apportioned 39% of PM2.5  sources as being traffic related  (Gaita et al., 2014). Based on 

the limited number of source apportionment studies, a tentative conclusion can be drawn 

that transport is a major source of PM2.5 in Kenya (Gaita et al., 2014). Therefore this 

thesis using Kenya as a case study will focus on quantifying transport emissions by 

developing new methodologies and insights that can be used to improve our 

understanding of transport related pollution and to guide policy making in future emission 

mitigation plans. 

The framework developed for air quality management quantifies emissions using tools; 

emission inventories, dispersion models and exposure-effect relation models, to assess 

the impact of air pollutant concentrations and implement policy to reduce emissions 

(Schwela, 2012). In the framework, in order to mitigate air pollution impact on human 

health and environment, policies in the form of control measures legislation: air quality, 

emission standards are implemented (Schwela, 2012). In the transport sector these 

policies may include implementing better vehicle and fuel standards, increasing 

renewable energy use, investment in public transport to reduce number of vehicles 

(Bakker et al., 2017). To assess the efficacy of implemented or proposed policy, 

scenarios are created against a reference to project plausible future considering 

observable present day conditions(Carter et al., 2001). In this thesis, to understand the 

vehicle fleet and associated emissions in SSA, a review comparing the current 

international standards to SSA; ambient air quality standards, vehicle emission and fuel 

standards is presented. 
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1.1 Ambient air quality regulation and standards  

World Health Organization (WHO) provides a set of guidelines for criteria pollutants for 

ambient air: PM, O3, carbon monoxide (CO), sulphur dioxide (SO2), nitrogen dioxide 

(NO2) and lead (Pb) (WHO, 2006). A few SSA countries have adopted standards and 

regulations for these species in their outdoor air quality legislation (Lourens, 2012; 

Schwela, 2012; Shilenje et al., 2016; Akinola et al., 2017). Table 1.1, shows ambient air 

quality standards for South Africa (Department of Environmental Affairs, 2009, 2012) , 

Kenya (NEMA, 2014) and  WHO guidelines (WHO, 2006). 

Table 1-1: Ambient air quality standards for Kenya, South Africa and WHO ambient air 

quality guidelines (µg/m3) 

Pollutant 

Time 

Average 

Kenya 

South 

Africa WHO Industrial 

Residential, 

rural & other 

Controlled 

Areas 

SPM Annual 360 140 70   

PM10 

Annual 70 50 50 40 20 

24 hours 150 100 75 75 50 

PM2.5 

Annual 35   25 10 

24 hours 75   65 25 

NO2 

Annual 150   40 40 

24 hours 100   200 (1 hr) 200 (1 hr) 

Pb Annual 1 0.75 0.5 0.5 0.5 

SO2 Annual 80 60 15 50 20 (24 hr) 

 

Outdoor air quality standards in Kenya have higher limits compared to WHO and South 

Africa. They are grouped into three areas: industrial, residential and rural and controlled 

areas with the strictest standards been applied to the controlled areas followed by 
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residential areas.  Controlled areas are hospitals, national parks, reserves, sanctuaries 

and central business districts (CBD). For industries in designated residential areas, the 

stricter residential standards will apply, but for residential premises in designated 

industrial areas, the residential standards do not apply. However, the responsible 

authority can designate any area as controlled.  

1.2 Vehicle emission and fuel standards  

Road transport sector (passenger cars, light commercial, buses, heavy duty vehicles, 

motorcycles and three-wheelers) emissions due to fossil fuels burned (diesel and petrol) 

include sulphur dioxide (SO2), nitrogen oxides (NOX), carbon dioxide (CO2), carbon 

dioxide (CO), methane (CH4), non-methane volatile organic compound (NMVOC), PM, 

BC, organic carbon (OC) and ammonia (NH3). In addition to health effects of PM (GBD, 

2015; Forouzanfar et al., 2016), primary pollutants, NOX and NMVOC react in the 

atmosphere to form O3, a secondary pollutant affecting human health and vegetation and 

crop yield (Van Dingenen et al., 2009; Lim et al., 2012). BC and CH4 from road transport 

and O3, are projected to have a significant impact on climate change in the next 20-40 

years (UNEP, 2011).  Therefore, mitigation measures combining CO2, BC and CH4 

reduction will greatly improve the chances of keeping the earthôs temperature to below 2 

°C (Shindell et al., 2011; UNEP, 2011). A substantial part of PM is made of BC and OC 

(UNEP, 2011) and in urban areas in SSA, traffic can responsible for up to 88% of BC 

(Doumbia et al., 2012). Table 2 shows the type of pollutants from road transport. 
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Table 1-2:  Type of vehicle pollutants (Faiz et al., 1996; Ntziachristos et al., 2013). 

Class of pollutants Name of Pollutants 

Ozone (O3) precursors CO, NOX, NMVOC, CH4 

Greenhouse gases CO2, CH4, nitrous dioxide (N2O) 

Short Lived Climate Pollutants (SLCP) Black carbon (BC), CH4 

Acidifying substances NH3, SO2, NO2 

Particulate matter PM10,  PM2.5 

Carcinogenic species Polycyclic aromatic hydrocarbons (PAHs) 

Benzene (C6H6) 

Toxic substances dioxins and furans 

Heavy metal lead, arsenic, cadmium, copper, chromium, 

mercury, nickel, selenium and zinc 

 

Vehicle standards cannot be decoupled from fuel standards (Walsh, 2014), as certain 

vehicle technologies require a specific fuel quality standard. This is exemplified in Figure 

1.3, where fuel quality (shown here as diesel sulphur content) is matched to the 

European vehicle emission standard (Euro1 to Euro 6) and the vehicle emission 

reduction technology. 

Stringent vehicle emission standards are considered an effective instrument to achieve 

reductions in emissions in two ways: i) the automotive industry develops new 

technologies to meet the standards ii) refineries improve fuel standards to meet the 

automotive sector demand. Vehicles in developed countries have advanced vehicle 

technology and high fuel quality. The turnover of the  vehicle fleet in developed countries 

is high with many of the obsolete vehicles being exported to developing countries; 

accordingly, the health effects associated vehicle emissions have shifted to developing 

countries (Chambliss et al., 2013; Klimont et al., 2017).  
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Figure 1-3: Fuel quality for diesel light duty vehicles (LDV) and heavy duty (HDV), 

vehicle emission reduction technology and PM emissions adapted from (Chambliss et 

al., 2013). DOC: Diesel oxidation catalyst, ECU: Engine Control Unit, EGR: Exhaust Gas 

Recirculation, TWC: Two-way catalytic converter, DPF: Diesel Particulate Filter, LNT: 

Lean NOX traps, SCR: Selective Catalytic Reduction. 

Low sulphur content ensures vehicles with emission control devices operate optimally 

reducing PM emissions in addition to reducing SO2 emissions. Emission reduction 
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technologies, combined with ultra-low sulphur diesel or petrol can reduce PM emissions 

by up to 99% (Chambliss et al., 2013) (see Figure 1.3). In developed countries over 25 

years, sulphur in fuel dropped from 2000 ppm to 10 ppm sulphur in diesel, at the same 

time emission reduction technologies such as diesel oxidation catalyst (DOC), diesel 

particulate filters (DPF), exhaust gas recirculation (EGR), selective catalytic reduction 

(SCR) and lean NOX traps to reduce the air pollutants (CO, NOX, PM), GHG (CO2) and 

BC were installed in vehicles. DPF and gasoline particulate filters (GPF) introduced post 

2000, together with SCR reduced 75% of fine PM (Mamakos et al., 2014). 

In SSA, some countries have low sulphur limits for diesel fuel quality, represented in 

green in Figure 1.4. The trading region of East Africa Community (EAC) and Southern 

Africa Developing Cooperation (SADC) each has between 50 and 500 ppm sulphur limits 

for diesel fuel. The East African region harmonised their fuel quality, giving a sulphur limit 

for petrol of 150 ppm, and for diesel of 50 ppm (KEBS, 2007, 2010, EAC, 2011a, 2011b). 

This was implemented in 2016, and resulted in a 10-fold improvement on previous fuel 

quality standards. 

By contrast to fuel quality regulations, there are only very few vehicle emission regulation 

and limits in SSA. A few countries rely on limiting the age of the vehicle (year of 

manufacture) on vehicle  importation (UNEP-PCFV, 2014; Lacey et al., 2017). In addition 

to the penetration of low sulphur diesel, Figure 4 also shows vehicle standards for light 

duty vehicles for various African countries. 

The lack of domestic automotive manufacturing capacity is linked to the large scale 

import of second-hand vehicles in SSA. For example, only South Africa has a significant 

automotive sector in SSA (Holmes, 2013; IEA, 2017). As shown in Figure 4, South Africa 

is also one of the SSA countries with strict vehicle regulations as they have mandatory 

standards for new vehicles. South Africa introduced emission specifications for all new 

vehicle models in 2005-2006, and as of 2008, all new vehicles sold need to comply with 
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the modified Euro 2 emissions specifications (SAPIA, 2008). In East Africa, almost all 

vehicles are imported second-hand from Japan through the gulf states (Kumar and 

Barrett, 2008; ERC, 2015b). The minibuses and buses (matatus in Kenya) are imported 

as light to medium truck chassis, with the body of the vehicle being locally constructed 

and mounted (Kumar and Barrett, 2008).  
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Figure 1-4: Map of Africa with fuel and vehicle standards adapted from (UNEP, 2015) 

However, in SSA, there is a lag and thus a mismatch between available fuels, (i.e. 

unleaded and with low sulphur content) and vehicle standards. In Figure 1.4, East Africa 

has fuel standards to meet Euro 4/IV vehicle standards but  there exists minimal vehicle 

standards (pre-Euro standards), for Kenya there is at least an age limit cap of 8 years on 

vehicle imports (ERC, 2015b), which means imported vehicles should be at least Euro 

IV/4 equivalent . South Africa is set to introduce Euro 5, however the date is not yet set 

(Venter, 2008; Droppa, 2012; Anderson, 2013). Nigeria has Euro II mandatory vehicle 

standards, a regulation introduced in implemented in 1996, and they are looking to 

introduce Euro 3 standards in January, 2015 (Loveday, 2011), however the fuel 

standards do not match this standard. Other SSA countries in general have import 

restrictions for used vehicles based on age, technology and mileage of the vehicle, but 

these are few as the majority of SSA countries do not have mandatory vehicle standards 

and even less have vehicle emission limits for vehicles (Schwela, 2012; UNEP-PCFV, 

2014). 

Rapid increase in SSA countries of unregulated import and use of motorcycles (called 

bodaboda in East Africa) and 3-wheelers (called tuk-tuk in East Africa) for public 

transport is affecting health in two ways, increased motorcycles related accidents  

(WHO, 2013) and heavy pollution (Assamoi and Liousse, 2010). Motorcycles are major 

sources of particulate matter (PM), hydrocarbons (HC), carbon monoxide (CO) and other 

hazardous emissions resulting from the release of burned and unburned lubrication oils 

(USAID, 2000). In a previous study in Egypt it was shown PM emissions of a single two-

stroke motorcycle were equivalent to one diesel-powered bus or truck; the HC emissions 

were equivalent to 10 petrol vehicles. By contrast, four-stroke motorcycles (which are 

more common in developed countries), emit only slightly more pollutants than small 

petrol vehicles (USAID, 2000). 
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Fuel economy standards decrease emissions by reducing fuel consumption per vehicle 

mileage (Plotkin, 2016) i.e. the volume of fuel consumed per km is reduced. Most of SSA 

countries do not have fuel economy standards, apart from South Africaôs carbon tax on 

newly registered light duty passenger vehicles that are above 120 g CO2/km (5.2 l/100 

km) (IEA, 2017). However, the benefits of this carbon tax in South Africa are likely offset 

by the large percentage of a fleet that is old (Letshwiti et al., 2003; Merven et al., 2012), 

and whose fuel economy is poor. Kenya does not have fuel economy standards, a 

previous study on fuel economy standards for light duty vehicles showed a worsening 

fleet fuel economy for the new fleet even though the average age was only about 8 years 

old (ERC, 2015b). This was possibly due to the increasing number of sport utility 

vehicles (SUVs) imported from 2010 to 2011. However, this study had limitations as it 

was confined to newly registered light duty vehicles (2010 to 2012), and in the absence 

of Kenyan fleet fuel economy data, EU and USA fleet fuel economy values were used. 

Vehicle emission standards governing limits, inspection and maintenance (I/M)  for 

vehicles are extremely rare in SSA (Schwela, 2012). For Kenya, even though vehicle 

emission standards are specified in KS1515 (KEBS, 2014), (see Table 1.3), they are not 

enforced (Cameron et al., 2012; ERC, 2015b).  According to the Kenyan ambient air 

quality standards, priority pollutants from mobile sources (including vehicles) are HC, 

VOC, SOX, PM and CO (NEMA, 2014). Under KS1515, vehicle emission inspection 

should be undertaken for all commercial and public vehicles annually and for every 

private vehicle more than 5 years old biennially. The environment agency or motor 

vehicle inspection unit (MVIU) may order any vehicle with visible exhaust emissions to 

be inspected. On the other hand, Rwanda for example has implemented vehicle 

emission limits and enforced inspection since 2015 (Government of Rwanda, 2014). 

Commercial vehicles undergo inspection biannually and private cars annually. South 

Africa has implemented Euro 2 standards for new vehicle models since 2006 (Delphi, 

2017), however inspection limits and inspection of in-use vehicles is carried out at the 
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municipal level and therefore under municipal air quality by-laws. For example, the City 

of Cape Town has limits for diesel vehicles,  56 Hartridge smoke units (HSU) or 1.61m -1 

for turbocharged engine (City of Capetown, 2010), this is lower than Kenyaôs limit for a 

similar engine (see Table 3). 

Table 1-3: Vehicle emission exhaust limits for Kenya from KS1515 standard  

Petrol vehicles 

Year of 

manufacture 

CO standard 

(%) 

HC 

standard 

(ppm) 

 lambda 

(ɚ) 
Type of test 

  1986-1992 3.5 1200   Idle 

1992-1994 3.5 1200   Idle 

>1995 3.5 1200   Idle 

>1992 0.5 
  

1±0.03 
2 speed idle 

(>2500rpm) 

Diesel vehicles 

Year of 

manufacture Turbocharged 

Naturally 

aspirant Test of test 

< 1979     Visual 

> 1980 3.0 m -1 2.5 m -1 free acceleration 

National emission inventories are compiled using emission models which require 

emission activity of the different sectors and emission factors for the different pollutants 

(Kousoulidou et al., 2013). For the road transport sector, vehicle emission factors are 

determined through tailpipe emissions, these are influenced by a variety of factors which 

include fuel quality and technology (shown in Figure 1.3), vehicle type, fuel type, size of 

engine, road grade, transport infrastructure, weather conditions and traffic conditions 

(Zhang, 2006; Chambliss et al., 2013; Franco et al., 2013). Emission factors may be 
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measured in the laboratory on a chassis dynamometer over a driving cycle (Frey et al., 

2003; Zhang, 2006; Franco et al., 2013; Kousoulidou et al., 2013), by remote sensing, 

where pollutants in a real-world vehicles emission plume is determined through 

spectroscopy (Jiménez-Palacios, 1999; Carslaw and Rhys-Tyler, 2013; Carslaw et al., 

2013) and by on-road emissions testing using portable emission monitoring systems 

(PEMs) (Frey et al., 2003; Weiss et al., 2011, 2012; Huang et al., 2013), to measure for 

exhaust gases and particulates. Of these different methods, the dynamometer tests do 

not reflect real-world conditions (Zhang, 2006; Weiss et al., 2011, 2012; Franco et al., 

2014; Thompson et al., 2014; Kuranc, 2015; Degraeuwe and Weiss, 2016).  

Remote sensing is a rapid way to measure exhaust emissions for large number of 

vehicles, and can be especially useful in detecting a small percentage of heavy polluters 

that are problematic contributors to pollution in developed countries (Jiménez-Palacios, 

1999),  Itôs applicability in SSA is as yet untried. Ultimately, very few tailpipe emission 

measurements are carried out in SSA because of a lack of resources and technical 

capability, yet the higher pollutant emissions likely to be associated with typical SSA 

vehicle fleets increases the need for tail-pipe emissions measurement to be carried out 

under real-world conditions in SSA. 

1.3 Problem statement  

Lack of emission data has made it extremely difficult to quantify the contribution of the 

road transport sector to air pollution. Transport emission inventories compile data on 

vehicle fleet and associated emission factors to estimate the air pollution contribution. 

Emission inventories have been identified as one of the tools required for air quality 

management as they permit implementation and enforcement of air quality measures 

which are lacking in SSA (Schwela, 2012).  

Transport emission estimates have large uncertainties in SSA as they lack adequate 

data essential to build accurate inventories (Assamoi and Liousse, 2010; Liousse et al., 
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2014; Marais and Wiedinmyer, 2016). These data  need to be disaggregated to different 

vehicle types includes; total number of vehicles, activity data such as fuel consumption 

and vehicle mileage, fuel share and region specific emission factors. Poor record 

keeping reduces the accuracy of the number of in-use vehicles for particular vehicle 

types such as motorcycles (Assamoi and Liousse, 2010; Kumar, 2011), minibuses 

(Graeff, 2008). Traffic and travel surveys which provide activity data and vehicle 

characteristics are also lacking in SSA (Cameron et al., 2012; Salon and Aligula, 2012; 

Venter and Mohammed, 2013; Liousse et al., 2014). There are also limited field 

measurements to determine emission factors for on-road vehicles (Lents et al., 2004; 

Goyns, 2008; Liousse et al., 2014). Furthermore, country level data when available, is 

based on limited studies which are extrapolated to the rest of the country or in some 

cases the continent (Marais and Wiedinmyer, 2016). In addition, further uncertainties are 

introduced due lack of data on the location of paved and unpaved roads to estimate road 

dust emissions from the transport sector (Marais and Wiedinmyer, 2016). 

The International Vehicle Emission (IVE) model funded by US Environmental Protection 

Agency (EPA) developed for estimating emissions in developing countries was 

previously used to estimate tail-pipe vehicle emissions in Nairobi in 2002 (UC Riverside, 

2002; Lents et al., 2004, 2005). This 2002 study consisted of a video survey and parking 

lot survey (UC Riverside, 2002). The video survey was conducted to determine vehicle 

count per day on different roads, where it was determined that passenger vehicles 

accounted for over 80% of the vehicle fleet. Parking lot surveys were also conducted to 

gather information on parked vehicles including licence plate, odometer readings, 

transmission type and vehicle condition. On-road estimation of emission factors using 

PEMs equipment was carried out in Nairobi for passenger vehicles (Lents et al., 2005), 

based on the recommendations of an initial estimate of vehicle emission rates for Nairobi 

and other cities (Lents et al., 2004). However, there were limitations with this approach. 

Firstly, most of the vehicle information obtained through the parking lot survey was 
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subjective, for example, a judgement call was made on the condition of the vehicle, fuel 

type and the technology of the vehicle. Secondly, other critical information was not 

available, for example, odometer readings were not available for vehicles models 

manufactured post 2001 (these odometers are digital and only display if the vehicle is 

switched on). Thirdly, license plates were recorded and used as proxy for age of the 

vehicle, this is unlikely to be accurate for most of SSA where vehicles are second-hand 

when sold or imported already in a reconditioned state. Furthermore, in Kenya, the 

licence plate number is allocated on registration possibly on importation, so newer plates 

are not always indicative of new vehicles. Finally, although the IVE model is specifically 

designed for developing countries, it is still quite complex and requires high density input 

data (Nagpure and Gurjar, 2012), data that countries in SSA are lacking.  

A limited number of SSA countries have detailed national transport inventories. A 

previous study in Kumasi, Ghana, showed an increase of GHGs, PM and NMVOC 

between 2000 and 2005 from vehicles, using the COPERT III model (Agyemang-Bonsu 

et al., 2010) . COPERT is an emission model developed for the European Environment 

Agency (EEA) and used widely in Europe and non-European countries to quantify road 

transport emissions (Kholod et al., 2016). In South Africa, a detailed energy transport 

inventory showed energy demand and CO2 emissions doubling in a business as usual 

scenario by 2050 (Merven et al., 2012). Both of these models require high emission and 

activity data which other SSA countries may find difficult to access. It is also valuable to 

evaluate the accuracy of these models compared to actual emission measurement (Guo 

et al., 2007). 

The transport sector in Kenya at present lacks a detailed national transport emission 

inventory for all pollutants and thus cannot evaluate the impact of different policies to 

reduce emissions. This thesisôs contribution and novelty is the filling of these transport 

emission data gaps with an approach that is less demanding with respect to data 

requirements; developing novel methodologies to collect the data, creating predictive 
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models using the data collected, building a framework in which this data can be used for 

an assessment of how transport emissions can be reduced and demonstrates its 

effectiveness in transference to other SSA countries facing similar challenges.  

1.4 Research objectives  

The work of this thesis aims to overcome these data limitations with a view to improving 

the quantification of the contribution of transport emissions to air pollution in SSA. The 

thesis will focus on Kenya, developing and testing methodology, collecting and analysing 

data describing vehicle fleet at different scales. At the macro-scale level, national level 

emissions are estimated using aggregated activity data for vehicle fleets such as vehicle 

kilometres travelled (VKT) and emission factors. At the meso-scale, urban emissions are 

estimated using aggregated activity data but with a higher resolution than macro-scale. 

Finally , at the micro-scale individual tail-pipe emissions are estimated with high temporal 

and spatial resolution (Zhang, 2006). The following main objectives are defined: 

¶ Demonstrate a simple protocol for an inexpensive portable emission monitoring 

system (PEMS) measurement system that can be rapidly deployed to determine 

tail-pipe emissions at the micro-scale in a real-world challenging environment. 

¶ Develop capabilities for measuring, estimating and modelling for in-use urban 

fleet vehicle activity and fuel economy for Nairobi. 

¶ Develop a national emissions inventory for Kenya to estimate the transport 

contribution to total emissions in the context of emissions from other sectors. 

¶ Combine the output from the first three objectives to estimate the road transport 

sector contribution to total emissions and evaluate the impact of different policies 

to reduce emissions at the national level. 

¶ Develop a framework in which the emissions data from the four objectives can be 

used for an assessment of how road transport air pollution and GHGs can be 

reduced in Kenya. 
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1.5 Organization of the thesis  

This dissertation consists of five chapters with the main body comprised of 3 journal 

papers in Chapter 2, 3, and 4. One of the manuscripts has been submitted (chapter 3) 

and the other two are ready to be submitted. There is a combined reference list at the 

end and for each chapter of the dissertation, there is separate supporting information. 

This Chapter 1 describes the background of the thesis. Here the status and potential 

consequences of ambient air quality in SSA, with a focus on Nairobi, are described. Also 

described are the policy tools that try to improve air quality across  SSA; specifically the 

standards and regulations governing ambient air quality and the vehicle emissions and 

fuel standards that influence pollutant emissions from the transport sector. The rationale 

for the research conducted in this thesis is then laid out as a problem statement, the 

research objectives are stated followed by this description of the organization of the 

thesis. 

Chapter 2 presents a detailed description of the instrumentation, experimental design 

and statistical analysis for the estimation of real-world measurement of tail-pipe 

emissions of vehicles in Nairobi, Kenya. The paper in chapter 2 is titled, ñEvaluating real-

world vehicle particulate matter emissions using a novel multiplexed portable instrument 

in a challenging African urban environmentò.  

Chapter 3 is the development of a methodology to collect vehicle activity (mileage, fuel 

consumption) and vehicle characteristics (age, weight , engine size) that tests the 

applicability in a data-poor environment, the outputs of these data collected is used to 

estimate fuel economy and vehicle activity data. The paper in chapter 3 is titled, 

ñEstimating vehicle fuel economy in Africa: A case study based on an urban transport 

surveyò. 
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Chapter 4 is the compilation of a national emissions inventory and evaluation of the 

contribution of road transport emissions to Kenyaôs air pollution and GHG emissions. The 

paper in chapter 4 is titled, ñAssessment of the impact of road transport policies on air 

pollution and greenhouse gas emissions in Kenyaò. 

Chapter 5 is a synthesis of the thesis showing how the research of each chapter comes 

together to form a coherent body of knowledge. 

This chapter gives an overview including the background on the thesis, summarises the 

justification and rationale for undertaking the thesis and then states the objectives and 

research questions and finally lists the organization of the thesis. 
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Chapter 2 

The work outlined in this chapter has been adapted from a research paper prepared for 

publication. Dr Karl Ropkins and Dr Martin Weiss contributed to the formulation of the 

methodology. I undertook all data analysis, but Dr Chris Malley helped to write the 

algorithm for calculations of the vehicle emissions variables. Dr Martin Weiss, Dr Chris 

Malley, Dr Karl Ropkins and my supervisors, Dr Lisa Emberson, Dr Harry Vallack and Dr 

Dietrich Schwela following an initial draft, made valuable contribution to the 

methodology, presentation of results and discussions through consultations and 

manuscript editing. 
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Abstract 

In African cities road transport is a major contributor to air pollution. Although part of the 

fine particulate matter (PM2.5) concentrations in urban areas can be attributed to diesel 

vehicles, there is still a lack of measurements that assess PM on-road emissions and 

operating pattern of vehicles in these environments. This paper details a simplified 

methodology for the evaluation of a real-world tail-pipe PM emissions measurement 

system in an urban environment. The focus is on light-duty diesel passenger vehicles 

which were equipped with a prototype multiplexed Portable Emissions Measurement 

system (parSYNC®-PEMS) comprising of three sensors (ionization, opacity and 

scattering) in combination with standard analytical equipment. Tests were performed on 

a 52 km test route around Nairobi (Kenya) covering urban, highway and peri-urban 

roads.  We find that for 75% of the time, parSYNC®-PEMS had a higher voltage for all 

sensors during acceleration as compared with idling and deceleration. At 91-94% of the 

time, the tested vehicles were operated in a vehicle specific power (VSP) of between -

15.2 and 17.7 kW ton-1, which is typical for heavily congested traffic at high altitude with 

steep roads. The results show a clear relationship between sensor voltage and VSP.  
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Turbocharging was found to dramatically increase the sensor output voltage. Although 

preliminary, it may be possible to implement this method to monitor emission trends 

using multiple sensor voltage which is indicative of PM emissions. This will aid to 

quantify real-world emissions of various fleets in a challenging African urban 

environment. However, additional evaluation of this instrument is necessary since the 

protocol did not include calibration with a reference instrument or collection of data from 

more vehicles for statistically sufficient data. 

Keywords 

Transport, Africa, Diesel, Particulate Matter (PM), Real-world, In-use, Air Pollution, 

PEMS, VSP
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2.1 Introduction  

Particulate matter (PM) is a major cause of ill health and premature deaths around the 

world; it is also a contributor to regional and global climate change (Anenberg et al., 

2012). In Africa, outdoor air pollution is estimated to cause over 330,500 premature 

deaths each year (Forouzanfar et al., 2016). In urban areas, road traffic contributes 

substantially to PM in the particle size range of less than 2.5 µm (PM2.5) (Pant and 

Harrison, 2013); yet only a few studies apportion the contribution of  emissions from 

vehicles to PM2.5  air pollution in Africa.  

Where such studies have been conducted they have found contributions of 42% by 

diesel vehicles  in Cape Town and 39% by overall traffic in Nairobi (Wicking-Baird et al., 

1997; Gaita et al., 2014). Developing accurate vehicle emissions inventories plays, 

therefore, an important role for air quality management (Zhang, 2006; Goyns, 2008; 

Schwela, 2012; Kousoulidou et al., 2013). A key requirement of such inventories are 

vehicle emission factors (EF); these tend to vary with, e.g., fuel and vehicle type, engine 

size, weight, vehicle age and technology (specifically after-treatment technology), driving 

pattern, road gradient, and  general maintenance (Zhang, 2006; Chambliss et al., 2013; 

Franco et al., 2013; Choudhary and Gokhale, 2016). 

Emission factors can be derived using two approaches. First, vehicles can be driven over 

pre-defined cycles on a dynamometer in the laboratory (Frey et al., 2003; Zhang, 2006; 

Kousoulidou et al., 2013; Kuranc, 2015). These laboratory tests are expensive (Goyns, 

2008; Posada and German, 2013), and results obtained have been shown not to reflect 

real-world condition (Zhang, 2006; Weiss et al., 2011, 2012; Franco et al., 2014; Garcia, 

2014; Pillot et al., 2014; Thompson et al., 2014; Kuranc, 2015; Degraeuwe and Weiss, 

2016; FIA, 2017). Laboratory tests are also vulnerable to manipulation by defeat 

strategies (Thompson et al., 2014; Degraeuwe and Weiss, 2016) as demonstrated by the 

Volkswagen ódieselgateô (US-EPA, 2015a, 2015b; FIA, 2017; Skeete, 2017). Second, 

emission factors can be derived from real-world on-road emission testing. On-road 
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testing, referred to as the Real-Driving Emissions (RDE) test procedure, has recently 

been introduced in the European Union (EU) to complement laboratory tests for the type-

approval of light-duty vehicles (European Commission, 2016). RDE tests use expensive 

type-approval PEMS equipment (Frey et al., 2003; Kuranc, 2015), Africa lacks technical 

and financial resources; on-road emission measurements of the vehicle fleet are scarce 

to non-existent (Goyns, 2008). Only a limited number of studies have been conducted in 

the laboratory or on-road, in either case only gaseous emissions have been investigated: 

¶ Lents et al., (2005) explored the on-road measurement of exhaust gases in 

Kenya. 

¶ Aduagba et al., (2013) investigated idle mode testing for exhaust gases in 

Nigeria.  

¶ Forbes and Labuschagne (2004)  tested idle and accelerated modes and 

associated exhaust gases in South Africa.  

Hence to date there has not been an estimate of the PM emission factors for vehicles in 

the African fleet during real-world driving conditions.  Following Goyns (2008), we see a 

need to develop cost effective methods to determine the real-world gaseous and 

particulate emissions of vehicles in Africa.  

The development of portable PM measurement equipment is particularly challenging. To 

date, the vast majority of real-world vehicle exhaust measurement systems are 

extremely costly (Miller et al., 2007). Despite strict PM limits in the EU (European 

Commission, 2016), PEMS prototypes for on-road PM testing were only recently 

developed and evaluated  (Mamakos et al., 2013). The slow development and thus the 

lag in PM PEMS application may partly be explained by the complexity of the PM which 

alters state as exhaust conditions change making it difficult to measure (Mamakos et al., 

2013; Giechaskiel et al., 2014). Gravimetric filter methods were applied to measure PM 

but this method is unsuitable for instantaneous PM measurements (Mamakos et al., 

2013); it lacks spatial resolution needed to characterize localized pollution hotspots. 
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Likewise, opacity measurements used for roadworthiness tests (Giechaskiel et al., 2014) 

is unsuitable for deducting PM emission factors as only a poor correlation existed 

between opacity and PM concentration (Yanowitz et al., 1999; Anyon P et al., 2000; 

Bond et al., 2004). In Africa, few countries have vehicle emission standards and 

regulations (UNEP, 2015), and those that do typically use opacity tests for in-use diesel 

vehicles to identify the most polluting vehicles (Walsh, 2014). 

To address persisting knowledge shortfalls, we apply established methods for on-road 

emissions testing (Frey et al., 2003; Zhang, 2006; Boroujeni and Christopher Frey, 2014; 

Kuranc, 2015) to evaluate a PM measurement emissions system on light-duty vehicles in 

Nairobi (Kenya). We deployed for the first time a low-cost multiplexed prototype 

parSYNC® sensor unit, referred to here as-parSYNC®-PEMS. The objective was to 

document the deployment of the prototype and critically assess the usability in obtaining 

variability in on-road PM emissions. A key hypothesis of this study is that synchronized 

on-road data collection using the three sensors of the parSYNC®-PEMS (namely 

ionization, scattering and opacity), allows an assessment of the different particle size 

ranges emitted from the vehicle exhaust. The real-world PM emissions described as a 

relative scale of multiple sensor voltage were related to driving pattern and vehicle 

operating conditions.  

We expect that this study can be a proof of concept and demonstrate the collection, 

screening, processing and analysis of data from the three sensors of the parSYNC®-

PEMS.  The results can help to develop a protocol for the deployment of a rapid PM 

measurement system in a challenging urban environment.  
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2.2 Methodology 

This study deployed a prototype parSYNC®-PEMS. Data from each test was collected, 

screened, processed and analyzed according to established protocols (Frey et al., 2003; 

Zhang, 2006; Boroujeni and Christopher Frey, 2014; Kuranc, 2015),, with context-

specific adjustments described in Sections 2.2.1-2.2.5. 

2.2.1 Instrumentation 

The prototype parSYNC®-PEMS used here is manufactured by 3DATX (3DATX, 2015). 

This instrument comprises of three sensors:  ionization, opacity and light scattering. 

Individually each of these sensors gives a voltage reading for particles; the sensors 

combined signals give a voltage reading that has been shown in previous studies to be 

proportional to  the magnitude of PM emissions (Ropkins et al., 2016).Therefore, it is 

expected later development of parSYNC®-PEMS will give a combined PM reading from 

the sensor voltages. However, this development was beyond the scope of this study, 

thus sensor voltages were considered separately. 

A wireless laptop was used to operate the equipment, graph the acquired data in real-

time and save the voltage readings from the three sensors. The parSYNC®-PEMS 

(width = 22 cm, height = 27 cm, depth = 13 cm, weight = 2.6 kg) was installed in the boot 

of the vehicle; this typically took half an hour (see Figure 2.1). 
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Figure 2-1: Stylized methodology layout for the installation of the parSYNC®- PEMS, the 

reading of engine data obtained through the ECU interface using the on-board diagnostic 

(OBD) scanner and the integration of the different data. 

A sample of the exhaust was obtained using a Bureau of Automotive Repair (BAR) 97 

sample probe. A low-cost generic Bluetooth engine scanner (ELM 327 mini) was 

connected to the OBD II interface to record the following engine parameters from the 

engine control unit (ECU): intake mass air flow rate, vehicle speed, engine rotation per 
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minute (RPM), intake air temperature, and intake manifold pressure. We downloaded the 

TorquePro application from the Google play store to a smartphone to upload engine data 

from the OBD scanner at 1 Hz resolution. OruxMaps (version 5.0.2), an application from 

Google play store, was downloaded on a smart phone to acquire vehicle GPS 

coordinates, at 1 Hz. Before and after on-road data collection, the parSYNC®-PEMS 

was zeroed using ambient air to reduce drift. 

2.2.2 Route choice and test conditions 

The test route comprised a distance of 52 km and captured the typical driving conditions 

in Nairobi on urban roads, highways, and peri-urban roads (Figure 2.2). The vehicle load 

comprised the driver, a witness of the test and the test equipment, accounting together 

for some 170 kg. Tests were carried out in 2015 May at an average altitude of 1798 m, 

during moderate temperature conditions of 20-30 oC. The tests were conducted on 

tarmac (paved) roads outside of rush hours during work days and weekend between 

10:00-15:00. 

The vehicle operation was compatible with real-world consumer driving in Kenya. The 

urban part of the route comprised vehicle speeds of up to 50 km/h, including stop-and-go 

driving; the highway and rural parts were characterized by speeds between 50-100 km/h 

and 50-90 km/h, respectively. Vehicle specifications, driver identity, weather conditions, 

start time, end time, and each significant traffic event, including stops, were recorded for 

each trip in addition to the data described in Section 2.2.1. 
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Figure 2-2: Test route in and around Nairobi (Kenya); Source: Google Earth 

2.2.3 Vehicle selection, recruitment and operation 

From a pool of vehicles, ten vehicles were selected that represented a range of 

attributes: fuel type, engine size, weight, utility, age, and technology. A test run was 

carried out to determine the viability of: (i) mounting the parSYNC®-PEMS unit and (ii) 

establishing engine interface with the vehicle-specific OBD scanner. Full listing of these 

tests is provided in, Table S1. 

Two light-duty diesel vehicles with similar characteristics were selected for tests based 

on complete data from OBD, GPS and parSYNC®-PEMS). This resulted in four 

complete tests hereto labelled as Tests 8, 9, 10 and 11 (Table 2.1). These two vehicles 

were used to investigate the PM emissions and determine if it was possible to obtain 

meaningful sensor voltage readings. In addition, the turbocharge mode of the Mercedes 

Diesel was manually activated in Test 10 to investigate the response of the parSYNC® 
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sensors to a change in vehicle activity, keeping other variables such as route, driver 

constant. 

Table 2-1: Vehicle specifications and summarised journey descriptions of Test 8, 9, 10 

and 11. Odometer readings: *miles **km  

 Test 8 Test 9 Test 10 Test 11 

Diameter of exhaust (cm) 4.8 4.8 5.3 5.3 

Fuel Diesel Diesel Diesel Diesel 

Manufacturer MITSUBISHI MITSUBISHI MERCEDES MERCEDES 

Model of vehicle SHOGUN  SHOGUN  ML270 CDI ML270 CDI 

Transmission AUTOMATIC AUTOMATIC MANUAL MANUAL 

Engine Size (cc) 3200 3200 2700 2700 

Gross Value Weight (KG) 2255 2255 2870 2870 

Fuel Tank Volume (L) 80 80 80 80 

Year of Manufacture 2007 2007 2002 2002 

Odometer reading (initial) 94117* 94150* 143045** 143100** 

Odometer reading (Final)  94150* 94182* 143099** 143152** 

Initial time 11:33 14:07 13:08 16:01 

Final Time 13:18 15:39 14:59 18:22 

Fuel top up (L) Full tank 5.30 Full tank 6.31 

Route Predefined  Predefined Predefined  Predefined  

OBD scanner YES YES YES YES 

Before the start of the test, vehicles were fueled to full capacity and the odometer 

reading recorded, at the end of the test vehicles were refueled to full capacity and 

odometer reading recorded again. This allowed estimating the fuel consumption of 

vehicles. For each test, complementary data were recorded including: driverôs name, 

number plate of vehicle, type of vehicle, diameter of exhaust, fuel type, manufacturer, 
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model of vehicle, transmission, engine size, gross value weight (GVW), volume of fuel 

tank, year of manufacture, odometer reading (start/end of test ran) and the start/end time 

of the test. We abstained from preconditioning the vehicles. All measurements started 

with engine-on and include the cold-start phase. 

For each test run, data from the three parSYNC® sensors were collected. The combined 

dataset for each test comprised: I) parSYNC® data with time stamps and 3 sensors 

voltage readings; II) Engine data with time stamps i.e.  vehicle speed (m/s), GPS-

longitude, latitude, altitude (m), engine RPM, intake air temperature (oC), intake manifold 

pressure (kPa), torque (Nm), intake mass airflow rate (g/s) and III) Journey narrative i.e. 

driver details, vehicle specifications, weather conditions, journey details. Vehicle activity 

(speed, gradient, RPM, torque, intake manifold pressure and intake air flow rate) 

captured through the ECU interface, evaluated the relative importance of each driving 

mode to emissions change.  

The test vehicle used in Tests 8 and 9 was a Mitsubishi Shogun; the vehicle used in 

Tests 10 and 11 was a Mercedes ML270 (Table 1). The Mitsubishi Shogun was 

manufactured in 2007, equipped with an automatic transmission and imported from the 

UK. The Mercedes ML270 was manufactured in 2002, equipped with a manual 

transmission an imported from Germany. In terms of Euro standards the Mercedes was 

equivalent to Euro III standards while the Mitsubishi was equivalent to Euro IV standards. 

2.2.4 Data post-processing and analysis 

The data post-processing (Figure 2.3) closely followed  Frey et al., (2003). In a first step, 

the collected datasets were combined and manually screened for errors, including 

indications that there was:  

¶ Failure for Bluetooth connectivity between the parSYNC® unit and laptop, phone 

and OBD scanner. 
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¶ Disconnection between the tail-pipe and parSYNC© probe causing leakage 

during a test run. 

¶ Failure of the GPS data to log to the phone. 

 

 

 

Figure 2-3: Collection, screening, processing of data obtained from the parSYNC®-

PEMS, ECU and GPS. 
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The combined datasets of each test were converted to a tab-delimited format and stored 

in one folder. All data analysis and visualization, unless otherwise stated, was carried out 

using R (R core team, 2016).  

Data synchronization 

The individual datasets were imported into R and combined by timestamp to create a 

single dataset with the value of each variable at 1 second resolution using R package 

óStringiô (Gagolewski and Tartanus, 2016) and óLubridateô (Grolemund and Wickham, 

2011). The voltage reading of the parSYNC® ionization and opacity sensors was then 

reversed as it was easier to work with PM events as peaks rather than troughs. 

Baseline corrections 

As the parSYNC®-PEMS was operated without an in-situ zero correction during this 

study, an offline correction was applied to the dataset generated by the parSYNC® 

sensors prior to the comparison with the engine data. The baseline correction was 

applied using a órolling ballô algorithm to the time aligned output voltage of the opacity, 

light scattering and ionization sensors, using the classic local window method (Kneen 

and Annegarn, 1996) and  the R package óbaselineô (Liland and Mevik, 2015) to correct 

the non-zero flat line. The optimal baseline for each test were selected by visual 

inspection of the effect on the peaks of sensor voltage output by varying window length 

from 50 s to 1000 s (Liland et al., 2011). A sample of the outcome of these baseline 

corrections are shown in Figure 2.5, showing the best fit selected through the variation of 

window length. 

Vehicle specific power (VSP) 

Vehicle fuel use and thus emissions depend on engine load, which has been quantified 

using vehicle specific power (VSP) (Jiménez-Palacios, 1999). VSP depends on vehicle 

speed, acceleration and road grade (Jiménez-Palacios, 1999; Zhang and Frey, 2005; 

Frey and Rouphail, 2008; Yao et al., 2013; Boroujeni and Christopher Frey, 2014; 
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Rodríguez et al., 2016). Assuming certain parameters are typical for light duty vehicles:  

m (mass of vehicle) = 1200 kg, A (vehicle frontal area) = 2 m2,  CD (aerodynamic drag 

coefficient)= 0.3, VSP was calculated using Equation 1 (Zhang and Frey, 2005; Yao et 

al., 2013; Rodríguez et al., 2016). Vehicle speed and altitude were measured directly 

and used to determine road grade, velocity and acceleration, and combined to calculate 

VSP using Equation 2 (Boroujeni et al., 2013; Boroujeni and Christopher Frey, 2014). 

ὠὛὖὺ ρȢρ ὥ ωȢψρzὫὶὥὨὩϷ πȢρσς

πȢπππσπςὺȣȣȣȣȣȣȣȣȣȢȢὉήόὥὸὭέὲ ρ  

v: velocity of vehicle (m/s) 

a: acceleration of vehicle (m/s2) 

grade: vertical rise/slope length 

To evaluate the sensitivity of the parSYNC® sensor voltage to VSP, values of VSP at 

each time step were categorized into 19 bins, bins 0-10 represented acceleration, bin 11 

for idling, bin 12-19 for decelerations/breaking, following the model presented previously 

(Lents et al., 2005; Rodríguez et al., 2016). Relating the driving mode (idle, acceleration, 

deceleration) to VSP, the real-world relationship between driving patterns and vehicle 

emissions was established (Rodríguez et al., 2016). 

Alignment of sensor voltage with VSP 

Further synchronization of  data took into consideration that there is a time lag between 

changes in engine parameters, the composition of the exhaust at the tailpipe, and the 

response of the parSYNC® sensor voltage  Because the time difference between events 

such as the rise in RPM, increase in speed, or acceleration should coincide with the 

increase in pollution concentration (Sandhu and Frey, 2013), alignment was applied on 

the peaks of sensor voltages and these rises, using the ópems.utilsô R package (Ropkins, 
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2016). Here, the alignment used adjusted the time of the sensor voltage reading to 

maximize the correlation between sensor voltage reading, and VSP. 

 

2.3 Results  

The initial recruitment of 10 vehicles resulted in 15 tests, summarized in Table S1. For 

Tests 8, 9, 10 and 11, we had collected a complete data set from the parSYNC®-PEMS, 

the OBD scanner and the GPS. These test results were therefore further analyzed and 

the results of these tests are presented here.  

2.3.1 Real-world activity data 

For all tests, speed, altitude, RPM and torque were similar as shown in Figure 2.4, 

although Test 10 had a slight variation on the chosen route. The test durations and 

average speeds range between 94 min for Test 8 and 9, 110 min for Test 10 and 139 min 

for Test 11. Approximately 40% to 60% of the test distance was driven at vehicle speeds 

of less than 5 m/s; the maximum speed peaked at 30 m/s; idling accounted for 

approximately 43% of the test duration. The vehicle speed is non-normally distributed 

and positively skewed. Some 46% (with a deviation of 4%) of the test distance was 

driven at an altitude of 1650-1700 m. Engine RPM between 1500-1000 accounted for 

some 46% to 48% 69% of the test duration. Engine torque of less than 200 Nm was 

observed for 53% to 64% of test time. Speed, altitude, RPM and torque for all test runs 

followed a similar pattern of distribution. Intake manifold pressure and intake mass air 

flow rate for Test 8, 9, and 11 followed a similar distribution with the highest frequencies 

of: (i) 77% to 99% of intake manifold pressure at 80-100 kpa, (ii) highest distribution 34% 

to 49% of intake mass air flow rate at less than 20 g/s. However, for Test 10 intake 

manifold pressure and intake mass air flow rate distribution was different from other test 

runs, the highest frequency of 81% of intake manifold pressure was between 20-40 kPa, 

while the highest frequency of intake mass air flow rate (58%) was between 280-340 g/s. 
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Thus the mean intake manifold pressure for Test 10 decreased by an order of magnitude 

~4 ( 21.5Ñ 0.03 kPa) and increased by the same for intake mass air flow rate (234.9 

Ñ1.33 g/s) when compared to the other test runs.  

 

Figure 2-4: Frequency distribution of vehicle speed, altitude, RPM, engine torque, intake 
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manifold pressure and intake mass air flow rate of Tests 8, 9, 10, and 11. 

2.3.2 Data alignment and baseline corrections 

The raw output from the scattering, ionization and opacity sensors for Test 11 (Mitsubishi 

Shogun) is shown as an example in Figure 2.5, alongside the baseline corrected voltage 

signals. Visual inspection of the voltage signals shows a similar pattern of peaks in the 

scattering and ionization sensors, where 15 distinct peaks are identifiable. However, the 

opacity sensor shows a different pattern with less than 5 distinct peaks identifiable. 

Corresponding figures for the other three tests are shown in Figure S7-S10. A similar 

pattern of distinct peaks was observed in Test 8, in all three sensors at 12:09, 12:26 and 

12:52, Test 9, at 14:25 15:12. For Test 8 and 9 these peaks were at nearly identical 

place in the journey, at 82 minutes and 64 minutes. The sensor voltage from Test 10 had 

numerous peaks and troughs (>20), here scattering and opacity had a similar pattern of 

distinct peaks. 
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Figure 2-5: Plot of uncorrected data (raw signal in orange) from Test 11 and baseline 

corrected data (corrected signal in blue) of the opacity, light scattering, and ionization 

sensors of the parSYNC®-PEMS. 
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2.3.3 Spatial map of sensor voltage  

An example of the variation in the sensor voltage output, time traces  and vehicle 

position and sensor voltage is shown in Figure 2.5 for Test 11. The spatial and temporal 

map shows how a measured value, ionization sensor voltage in this case, correlates with 

time and position of the moving vehicle. 

 

Figure 2-6: Voltage of the ionization sensor from the parSYNCÈ-PEMS  in Test 11 

conducted with the Mitsubishi Shogun, superimposed on the route map (map data 

É2017 Google); plot established by using R package ggmap , ggplot2 and openair 

(Carslaw and Ropkins, 2012; Kahle and Wickham, 2013; Carslaw, 2015). 



 

43 
 

Most voltage peaks (red color on the map in Figure 2.6)  tended to coincide with 

acceleration events (for the other tests see Figure S51 to Figure S62). There were  

incidences of  high spike in voltage, for example in Test  8 and 9  that occured at  12:52 

and 15:12, this coincided with a diversion on the road (noted on the journey narative), so 

the test vehicle was momentarily on a unpaved road from a tarmacked road. However, 

this same spikes are not apparent in Test 10 and Test 11, instead there are a series of 

peaks and troughs. 

2.3.4 Data alignment and baseline correction 

The raw output from the scattering, ionization and opacity sensors for Test 11 (Mitsubishi 

Shogun) is shown as an example in Figure 2.6, alongside the baseline corrected voltage 

signals. Corresponding figures for the other three tests are shown in supplementary 

section Figure S7-S10. Visual inspection of the voltage signals shows a similar pattern of 

peaks in the scattering and ionization sensors. However, the opacity sensor shows a 

different pattern. A similar pattern was observed in Test 8, in all three sensors at 12:50 

and Test 9, at 15:10. For Test 8 and 9 these peaks were at nearly identical place in the 

journey, at 77 minutes and 60 minutes.  

2.3.5 Multiplex correlation of the sensors 

A best linear regression of the three sensor voltage output in pairs (scattering/ionization, 

scattering/opacity, ionization/opacity) was examined and the visualization of the three 

sensor relationship (ionization, opacity, scattering) plotted. An example plot of Test 11 is 

presented in Figure 2.7.  A visual inspection of the 3D plots from Test 8, 9, 10 and 11 

found Test 10 to be the best fit as there was a close correspondence in the voltage 

output of the three sensors.  
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Figure 2-7: Scatter plot (3D) sensor voltage of Test 11, three sensors (opacity, light 

scattering ionization) from the parSYNC®-PEMS. A linear regression line of three 

sensors is shown as the blue grid. The color pallet represents sensor voltage relation to 

the y-coordinate (ionization voltage). 

A statistically significant relationship between opacity, scattering and ionization sensor 

voltage was found in Test 8, 9, 10 and 11 with P< 0.001, this is presented in Table 2.2. 

Test 10 and Test 11 had a strong correlation between ionization, opacity and scattering 

sensor voltage with R2 = 0.93 for Test 10 and R2 = 0.76 for Test 11, while Test 8 and 9 

had a weaker correlation between the sensors with Test 8, R2 = 0.23) and even less with 

Test 9, R2 = 0.08. 

Table 2-2: Table of statistics parameters of the relationship between the sensors voltage 
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(ionization, opacity, scattering) of the test runs (Test 8, Test 9, Test 10, Test 11). 

Test Parameter Scattering/ 

Ionization 

Scattering/ 

Opacity 

Ionization/ 

Opacity 

3 Sensors interaction 

Test 8 Equation Y1 = 3.34*10-

3X1
 +5.59*10-

5 

Y1 = 0.13*10-

3X1
 - 2.0*10-4 

Y1=12.67X1
 + 

0.30 

Y1 = 1.10*10-1X1 + 

2.20*10-3X2
 - 4.50*10-4            

Y1:scattering X1: opacity X2: ionization 

R2 0.23 0.31 0.4 0.4 

P value P<0.001 P<0.001 P<0.001 P<0.001 

Test 9 Equation Y1 = 1.60*10-

4X1
 + 1.90*10-

4 

Y1 = -2.50*10-

3X1
 + 2.27*10-4 

Y1 = 0.22X1
 + 

0.07 

Y1 = 1.65*10-4X1 - 

2.54*10-3X2
 + 2.16*10-4  

Y1:scattering X1: ionization X2: Opacity 

R2 0.03 0.05 4.0*10-4 0.08 

P value P<0.001 P<0.001 P = 0.14 P<0.001 

Test 10 Equation Y1=8.08*10-

2X1
 + 9.53*10-

3 

Y1=0.40X1
 + 

1.00*10-3 

Y1=1.20X1
 + 

0.39 

Y1 = 1.27*10-2X1 + 2.27X2
 

+ 1.93*10-3                          

Y1:Opacity X1: ionization X2: 

Scattering 

R2 0.22 0.93 0.23 0.93 

P value P<0.001 P<0.001 P<0.001 P<0.001 

Test 11 Equation Y1 = 6.13*10-

3X1
 + 

4.16*10-4 

Y1 = 6.13*10-

3X1
 + 4.16*10-4 

Y1 = 0.63X1
 + 

3.85*10-2 

Y1 = 1.04*10-2X1 - 

3.96*10-4X2
 + 1.73*10-5  

Y1:scattering X1: ionization X2: Opacity 

R2 0.76 6.19*10-3 9.23*10-3 0.76 

P value P<0.001 P<0.001 P<0.001 P<0.001 

2.3.6 Relationship between vehicle activity and sensor output 

Despite the significant uncertainties obtained from the calculations of the voltage means, 

in general, there was an increase between VSP bins 12 -18 for all sensors voltages and 
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a decrease between VSP bins 0-10. These VSP bin results can be viewed in detail in the 

supplementary section of the paper. Figure 2.8 shows acceleration mode was highest in 

Test 8 all sensors, Test 9 (ionization, opacity), Test 11 (ionization, scattering). Test 10 all 

sensors, deceleration was highest, followed by idle and then acceleration. Test 10  as 

shown in Figure 2.8, was observed for example to have a magnitude of 13, 33, and 121 

times the sensor voltage for ionization, opacity and scattering respectively when 

compared to the means of the other test runs, for example in Test 11. It was also 

observed that when the engine parameters were compared to the other test runs, the 

intake air flow rate of Test 10 quadrupled while intake manifold pressure reduced by a 

quarter over the same period. This was due to the driver of the vehicle engaging the 

vehicleôs manual turbocharge system within the first ~20 minutes of the journey and for 

the remainder of the journey.  

A welchôs t-test comparing the  average voltages from the different sensors for 

acceleration, idle and deceleration found them to be statistically significantly different 

from each other. Out of the 36 pairwise tests representing 4 test runs, and three sensor 

voltage, 75% are statistically significant means from each other, one pairwise test from 

Test 9 comparing idle mode and deceleration of the scattering sensor is borderline (p 

=0.05). It should be noted that in examining all the insignificant cases, the 95% 

confidence interval which indicates the likelihood the means of the compared modes 

would fall between certain intervals, the lower end was always a negative voltage. 96% 

of pairwise (idle-to-acceleration) and (deceleration-to-idle) mode was statistically 

significant, hence the majority of the statistically insignificant cases occurred with the 

pairwise acceleration-to-deceleration cases.  
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Figure 2-8: A panel of boxplots with different driving modes (deceleration, idle and 

acceleration) for ionization, opacity and opacity sensor voltage for Test 8 (at the top of 

the panel) Test 9 (2nd from the top), Test 10 (3rd from the top), Test 11 (bottom of the 

panel).  The box and whisker plot represents the central 50% of the data (median). The 

lower edge of the box plot is the first 25th percentile and the upper edge of the box plot is 

the 75th percentile. The black dots represent the mean. 

2.4 Discussion 

This paper describes a protocol for the deployment and analysis of data retrieved from a 

parSYNC®-PEMS prototype in Nairobi (Kenya) in the critical evaluation of a novel 

emission measurement system. In the context of conducting real world emission testing 
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in Nairobi, as compared to a North American or European city, there are two challenges 

that increase the difficulty of obtaining reliable estimates of real world emissions. The 

first are environmental or practical challenges, and include the condition of the roads 

(potholes, unpaved roads etc.), traffic congestion, lack of immediate technical support 

and a lack of data to characterize each vehicle comprehensively. The second set of 

challenges relate to the ability to characterize emissions across a representative set of 

vehicles, which is made more difficult in Nairobi through a lack of vehicle emission 

standards, unreliable I/M of vehicles, unreliable and variable fuel quality, and the age of 

vehicles. This analysis details the experimental procedure that was used to overcome 

these challenges using data from two vehicles over four test runs. Although these tests 

are preliminary this could, in the future, be used to undertake a more comprehensive 

analysis of a larger number of vehicles in Nairobi and other African cities. This will aid in 

the cost effective implementation of a more robust inspection and maintenance program, 

in the development of PM emission factors and characterization of real world emissions 

in this region. However, additional evaluation of the parSYNC®-PEMS is necessary 

since the protocol did not include calibration with a reference instrument. 

It has been demonstrated previously that real-world gaseous measurements are up to 10 

times more during the acceleration compared to idle mode (Frey et al., 2003). It has also 

been shown that VSP bins with acceleration mode contribute the most to total gaseous 

and particulate  real-world emissions (Frey et al., 2003; Huang et al., 2013; Zheng et al., 

2015; Choudhary and Gokhale, 2016; Rodríguez et al., 2016). Test 8, 9 and 11 as 

shown in Figure 2.8, show a similar result, with acceleration mode (when paired with idle 

and deceleration), having a higher sensor voltage 75% of the time, for the ionization, 

opacity and scattering sensors. A previous study has shown stronger dependence of PM 

emissions to VSP in light duty petrol cars compared to diesel cars, where particle 

number emissions increased by a magnitude of 3 from idling to highest VSP (Huang et 

al., 2013). Measured in the aforementioned study was a light duty diesel, Euro 3 
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emission standard vehicle manufactured in 2010 with 1.9 L engine, therefore smaller, 

newer and better technology than this studyôs test vehicles. But even with these 

differences, similar to present study, PM emissions rate for diesel vehicle was found to 

peak in the highest VSP and speed bin greater than that at idling (Huang et al., 2013). 

Various studies have confirmed VSP as an appropriate metric to obtain correlations 

between driving patterns and vehicle emissions: gaseous pollutants and black carbon 

(Frey et al., 2003; Zhang, 2006; Carslaw et al., 2013; Jeģek et al., 2015; Zheng et al., 

2015; Rodríguez et al., 2016). The VSP profile for the vehicles tested in Nairobi showed 

a similar profile to vehicles tested in Bogota, 91-94% of the time vehicles tested in Test 

8-11 operated in a VSP between -15.2 and 17.7 kW ton -1, while in Bogota 95% of the 

time vehicles tested operated in the same range (Rodríguez et al., 2016). Such VSP 

values in Nairobi reflect real-world driving conditions in the city on an urban road such as 

downtown Nairobi, highways such as Thika highway, and peri-urban road such as Gigiri 

road, which were part of the selected test route. These conditions, similar to those  like in 

Bogota, are characterized by heavy traffic congestion with stop-and-go, low speeds, 

many stops and idling (Rodríguez et al., 2016). Furthermore, European derived driving 

cycle have been shown to be poor representation of typical driving patterns in urban 

areas in Africa due to high proportion of idling, different driving styles and atmospheric 

conditions (temperature, humidity, altitude)  (Goyns, 2008). In this study, Nairobi VSP 

profile was found to be similar to Bogotaôs and a better fit than the European driving 

cycle. 

Previous studies have demonstrated that turbocharging in diesel vehicles under higher 

engine loads could double NOX to CO2 emissions ratio for newer model cars compared 

to old ones (Carslaw et al., 2011). This could explain the increase in the sensor voltage 

for Test 10, compared to the other tests as turbocharge of the engine was manually 

engaged. It was also most likely the reason why Test 10 showed a reversal in pattern 

from other tests as acceleration mode in this test was not the highest sensor voltage. 
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Given the principal of operation for turbocharge engines, where engine power output is 

increased through increased compressed air flow (North, 2007), applying ideal gas law, 

the pressure and volume change for Test 10 was accounted for. The decrease in sensor 

voltage for acceleration mode, in Test 10 with maximum power load would also be 

accounted for by the increased air flow rate. Therefore whilst turbocharging has 

decreased CO2 emissions, and increased NOX emissions, additional evaluation is 

needed on the effects of turbocharging on PM emissions. Especially in the aftermath of 

dieselgate where the vehicles tested and found to exceed NOX emissions by a factor of 

15 to 35, were turbocharged light duty passenger vehicles (Thompson et al., 2014), 

these were similar in weight and engine size to those tested in Kenya. Although the 

vehicles tested in Kenya are older, fuel quality is poorer than those tested in USA, these 

fleets from developed countries will most likely be imported to developing markets 

regions in Africa in the future. 

A multiplex instrument using three sensors is novel as is the study of the correlation of 

the three sensors for PM measurement. There are real-world PM studies that have 

assessed the correlation of these sensors to PM but only using sensors deployed 

separately, i.e. opacity tests (Anyon P et al., 2000; Giechaskiel et al., 2014), and light 

scattering tests (Anyon P et al., 2000; Miller et al., 2007; Khan et al., 2012; Giechaskiel 

et al., 2014). Light scattering had a high correlation between reference instruments (R2 

=0.92), while opacity had low correlation (R2=0.12), so opacity was found to be a poor 

surrogate for fine particulate matter (Anyon P et al., 2000). In this study a correlation 

between the three sensors, ionization, opacity and scattering sensor output voltage was 

explored. Correlation was highest (R2= 0.93), in Test 10, which also was found to exhibit 

the highest individual voltages of all three sensors (see Table 2.2). Viewing the statistics 

parameters in Table 2.2, it was concluded that the voltage relation between all three 

sensors was best for the older vehicle (Mercedes Benz) vehicle. In a previous study, 

best data correlations were achieved when correction factors were applied to account for 
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the ultrafine particles undetected by the scattering sensors and to correct for humidity 

(Miller et al., 2007). The three sensors in the parSYNC®-PEMS detect different particle 

ranges from the exhaust, as opacity is reported to have a detection limit of up to 15 

mg/km while light scattering detection limit 0.5 mg/km (Giechaskiel et al., 2014), whilst 

the ionization sensor detects the ultrafine particles. Petrol cars and diesel vehicle 

exhaust particles mainly correspond  to nucleation-mode and accumulation mode 

respectively (Huang et al., 2013). Therefore, since the best voltage relation between 

sensors was from the older vehicle, and the test vehicles were diesel then the 

parSYNC®-PEMS performed best for the accumulation mode. Thus the combined 

parSYNC®-PEMS voltage when calibrated will at the very least give an instantaneous 

second-by-second PM concentration and at most on-road PM particle and size 

composition changes.  In this study, the parSYNC®-PEMS prototype was kindly released 

by the manufacturer to accommodate our research desire and due to time and budget 

constraints calibration was not possible with a reference instrument. 

The OBD ports and scanners were difficult to work with, Alessandrini et al., (2012) 

reported on the rarity of acquiring engine parameters such as intake air flow and air to 

fuel ratio. Rule of thumb on OBD scanners has been for European and Asian vehicle 

imports to use ISO 9141 supported protocol scanners while GM and ford use SAE J1850 

supported protocol scanners (Lee et al., 2011). Vehicles in Kenya are often 

reconditioned second-hand imports from Japan (ERC, 2015b), so even though the OBD 

scanner used was ISO 9141, Test 1-7 and Test 11-14 were not successful in obtaining 

engine data from the ECU. In fact this particular scanner only worked on the vehicles 

imported directly from Europe (Test 8, 9, 10 and 11) or in Test 15, USA, even though 

Test 8 and 9 vehicle was of Japanese make. The scanner did not work on vehicles of 

Japanese make imported from Japan to Kenya. This was unexpected as all vehicles post 

year 2000 are meant to be OBD II compliant (Alessandrini et al., 2012; Kuranc, 2015). A 

similar make of the OBD scanner was successfully used to in Korea for what is 
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presumably a Korean passenger vehicle (Baek and Jang, 2015). So even though OBD 

data loggers have made collection of real-world vehicle activity viable, more investigation 

ought to be carried out on how accessible these data is especially in developing 

countries fleets. 

In processing the data from the parSYNCÈ sensor array, the órolling ballô baseline 

corrections were applied as shown in Figure 2.5. óRolling ballô baseline corrections have 

been applied before on spectra peaks to identify and correct baseline by using visual 

inspection and statistical analysis to select best fit (Liland et al., 2011).  In the present 

study, the window in the baseline correction best fit was window length 250 for all tests 

and all sensors except opacity, and then best fit was window length 50.  In general,  the 

baseline corrections were robust except for when sensor voltage readings suddenly 

shifted, examples of which can be seen for all sensors, in Test 11 for example at  a peak 

at 17:00 for both scattering and ionization sensor. A similar pattern was noticeably 

observed in Test 8, in all three sensors at 12:52 and Test 9, at 15:12. For Test 11, this 

pattern was observed in scattering sensor and ionization sesor at 18:08. In Test 8 and 9, 

11 this coincided with a diversion on the road (noted on the journey narrative), so the test 

vehicle was momentarily on a dirt road from a tarmacked road. Surprisingly, no sudden 

shifts were detected in Test 10. Such sudden shifts called óartefact jumpsô, have been 

noted in other instrumentation (for ambient PM measurement) due to incorrect 

instrument offset or factory calibration being in-adequate for these PM concentrations 

(Rivas et al., 2017). It was recommended in Rivas et al (2017) to handle PM data with 

care and to automate zeroing of the instrument. In baseline correction, a potential 

challenge arising from applying the incorrect algorithm, is the baseline cuts above the 

lower parts of the peaks (Liland et al., 2011). In this study, this happens in places with 

the sudden jumps where the baseline cuts the base of the peak resulting in negative 

voltage values, in Test 8, at 12:52, Test 9 at 15:12. However due to the aggressive drift 
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noted, and limited number of tests, we did not obtain an optimal algorithm. Further tests 

will need to be conducted for an optimal algorithm for baseline correction. 

A PEMS should respond instantaneously to input changes otherwise given the high 

temporal resolution of measurements, this could introduce error and uncertainty (Zhang, 

2006).  In reality it does not because of the time the exhaust takes to travel from the 

engine to the detection by the instrument. In this study, we adjusted for the lag by 

visually inspecting the time stamp and synchronizing the different data streams. In a 

previous study, laboratory tests and numerical simulations were used to quantify 

response times and rectify its effect on emissions (Zhang, 2006). Using gas PEMS, 

response time was found to vary to up to 10 s and the difference between 

measurements not corrected for different response times could be as large as a 2.5  

times (Zhang, 2006). OBD data loggers were also found to have a time drift of up to 3 

seconds (Goyns, 2008), the time lag in this case was corrected for manually by visually 

comparing OBD engine speed and GPS speed profiles and adding a correction factor.  

In this study, there were uncertainties introduced due to the correlation lag detected on 

the different sensors. The aim of the synchronization and correlation alignment 

(explained in 2.2.4) was to adjust the voltage readings for the time lag between changes 

in engine data and changes in the composition of the exhaust. An example of the 

correlation alignment for Test 11 is shown in Figure 2.9. The correlation was based on 

the calculated VSP and sensor voltage for scattering, ionization and opacity sensors. 

The lag adjustment of VSP for the ionization sensor was (-36), opacity (-27), scattering (-

33). Hence the optimum adjustments suggested for each of the three sensors were 

different, and for all three sensors there were multiple adjustments that had very similar 

improvements in alignment. Given these discrepancies, the remaining results were not 

correlation aligned, even though visual inspection synchronization was initially applied to 

the data set. Improper synchronization between VSP and modal emissions rates have 

been shown to decrease variability between the lowest and highest average modal 
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emission rate (Sandhu and Frey, 2013), this may explain the 25% of the time (see Figure 

2.8), when the mean parSYNC® sensor voltage between different modes was found to 

be statistically insignificant .Further work is needed to identify the optimum adjustment of 

the parSYNC® PEMS voltage output to account for this time lag.  

 

 

 

Figure 2-9: An example plot of correlation alignment using pems.utils with VSP from 

engine data and sensor voltage from (ionization, opacity and scattering) for Test 11 from 

parSYNC®-PEMS. 
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Advancement of vehicle emission reduction technology can yield up to a 95% reduction 

of PM from the exhaust of the vehicle (Chambliss et al., 2013; Mamakos et al., 2014). 

Particle filters are not present in most vehicles used in Africa as these fleets comprise of 

old vehicles and second-hand imports (Doumbia et al., 2012; Liousse et al., 2014; 

Marais and Wiedinmyer, 2016). Furthermore, lack of inspection and maintenance (I/M) 

programs would render these emission reduction technologies ineffective (Pillot et al., 

2014), in addition poor fuel quality also restricts the effectiveness of these measures. 

The roads in African cities is often inadequate and in poor condition; few paved roads 

mostly in poor condition and the rest of the roads are unpaved (Kumar and Barrett, 2008; 

Olvera et al., 2013; UN-Habitat, 2013). The test vehiclesô age and technology have a 

similar profile of vehicle fleet in Nairobi according to a recent survey which found 

average age of this vehicle class i.e. passenger cars to be 11.1±0.57 years (Mbandi et 

al., in preparation). These passenger cars, classified as AfritypeM1D (engine size >2000 

cc), were also shown in this study to have the poorest fuel economy among the 

passenger cars. 
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2.5 Conclusion 

The critical evaluation of the protocol and deployment of parSYNC®-PEMS yields robust 

real-world PM emissions data presented as multiple sensor voltages related to vehicle 

operating condition and driving pattern. The methodology and results obtained here give 

an insight of the relative emission profile of vehicles on a typical route in Nairobi (Kenya). 

The parSYNC®-PEMS responded to changing vehicle operating condition ( 

turbocharged) and the driving mode (idling, acceleration and deceleration) characterized 

by the changing VSP. The high resolution data of a few tests confirm the usefulness of 

parSYNC® in obtaining much needed temporal and spatial tail-pipe PM emission data to 

characterize the real-world emissions of vehicles. When calibrated with a reference 

instrument, parSYNC®-PEMS may be used to indicate the relative total PM emissions 

[mg/km] of different vehicles and determine relative PM emissions during different driving 

modes. However, the parSYNC®-PEMS sensor voltage relation between all three 

sensors best worked for the older vehicle (Mercedes Benz) vehicle, which indicates 

presence of accumulation exhaust particles. Therefore, for diesel vehicles with older 

technology and under load, this parSYNC®-PEMS would yield most accurate results. 

This is most useful In Africa, as older diesel fleets are prevalent and are attributable to 

high PM emissions especially in urban areas. The VSP profile for the vehicles tested in 

Nairobi was for a profile typical for a heavily congested city with high altitude and steep 

roads; this increases the pollution load from the vehicle fleet. 

A cost effective solution is needed by authorities and governments to tackle the 

measurement of emissions in Africa vehicle fleets. The high temporal and spatial 

characterization of emissions exhaust is useful for identifying pollution óhotspotsô useful 

for planning authorities and governments. The insights gained from this study could aid 

the generation of PM emission factors for an African urban fleet which in turn can 

support the design of environmental and transport policy aimed at decreasing on-road 

PM pollution and improving urban air quality (Zhang, 2006).  However, there are a 
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number of caveats that need to be addressed before a wide range of parSYNC®-PEMS 

applications. Firstly, a larger sample of vehicles, routes and loads need to sampled, 

secondly, the prototype needs to be calibrated with a reference instrument, thirdly, an 

assured cost-effective surrogate method to determine exhaust flow rate needs to be 

developed and lastly,  the best fit algorithm for baseline corrections and alignment should 

be developed for when drifts occur. 

 On-going or future works include sensor module validation through calibration with a 

reference instrument to determine the best fit of the combined sensor voltage to the 

three sensorôs voltage readings. The best fit strategy for the parSYNC® PM fit is under 

development to be possibly based on General Additive Model (GAM) and spline fit 

model, utilizing a statistical noise reduction method in the R package ñmgcvò  (Wood, 

2017). 
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2.6 Supplementary  

2.6.1 SECTION A: Vehicle specifications and journey narrative during 

testing  

 

Table S 1: Initial pool of vehicles mounted with parSYNC, OBD scanner and GPS 
system from which the test vehicles were selected 

Number 
of Test 

Date 
Test 
Sheet 

Vehicle Type 
parSYNC 

GPS OBD 

Test 1 04/05/2015 V ToyotaRav4 V V ɢ 
Test 2 04/05/2015 V Mercedes Diesel V ɢ V 
Test 3 05/05/2015 V Toyota Fielder V ɢ ɢ 
Test 4 05/05/2015 V Toyota Landcruiser V ɢ ɢ 
Test 5 06/05/2015 V Toyota Fielder NZE V ɢ V 
Test 6 11/05/2015 V Isuzu Matatu 51 V V ɢ 
Test 7 11/05/2015 V Isuzu Matatu 33 V ɢ ɢ 
Test 8 13/05/2015 V Mitsubishi Shogun V V V 
Test 9 13/05/2015 V Mitsubishi Shogun V V V 
Test 10 16/05/2015 V Mercedes Diesel V V V 
Test 11 16/05/2015 V Mercedes Diesel V V V 
Test 12 18/05/2015 V Isuzu Matatu 29 V V ɢ 
Test 13 18/05/2015 V Isuzu Matatu 29 V V ɢ 
Test 14 18/05/2015 V Isuzu Matatu 29 V V ɢ 
Test 15 21/05/2015 V Ford Focus V V V 
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Table S 2: VEHICLE SPECIFICATIONS AND JOURNEY NARRATIVE Test 8, 9, 10, 11 

 Test 8 Test 9 

Type of vehicle Private Private 

Diameter of exhaust (CM) 4.8 4.8 

Fuel Diesel Diesel 

Manufacturer MITSUBISHI MITSUBISHI 

Model of vehicle SHOGUN  SHOGUN 

Transmission AUTOMATIC AUTOMATIC 

Engine Size (cc) 3200 3200 

Gross Value Weight (KG) 2255 2255 

Fuel Tank Volume (L) 80 80 

Year of Manufacture 2007 2007 

Odometer reading (initial) miles 94117 94150 

Odometer reading (Final) miles 94150 94182 

Initial time 11:33 14:07 

Final Time 13:18 15:39 

Fuel top up (L) Tankful 5.30 

Route Predefined route Predefined route 

OBD scanner YES YES 

 

 Test 10 Test 11 

Type of vehicle Private Private 

Diameter of exhaust (CM) 5.3 5.3 

Fuel Diesel Diesel 

Manufacturer MERCEDES MERCEDES 

Model of vehicle ML270 CDI ML270 CDI 

Transmission MANUAL MANUAL 

Engine Size (cc) 2700 2700 

Gross Value Weight (KG) 2870 2870 

Fuel Tank Volume (L) 80 80 

Year of Manufacture 2002 2002 

Odometer reading (initial) 

(km) 143045 143100 

Odometer reading (Final) 

(km) 143099 143152 

Initial time 13:08 16:01 

Final Time 14:59 18:22 

Fuel top up (L) FULL TANK 6.31 

Route Predefined route Predefined route 

OBD scanner YES YES 

 

2.6.2 SECTION B: Supplementary results 
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ñROLLING BALòCORRECTION FOR ALL SENSOR VOLTAGE WITH DIFFERENT 

WINDOW LENGTH 

 

 
Figure S 3: Raw signal compared to the baseline corrected signal for scattering, opacity and 

ionization sensor for órolling ballô window length 50 and 250 for Test 8. 



 

61 
 

 

Figure S 4: Raw signal compared to the baseline corrected signal for scattering, opacity and 

ionization sensor for órolling ballô window length 50 and 250 for Test 9. 
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Figure S 5: Raw signal compared to the baseline corrected signal for scattering, opacity and 

ionization sensor for órolling ballô window length 50 and 250 for Test 10. 
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Figure S 6: Raw signal compared to the baseline corrected signal for scattering, opacity and 

ionization sensor for órolling ballô window length 50 and 250 for Test  

 

 

SENSOR VOLTAGE TIME ALIGNMENT AND BASELINE CORRECTION RESULTS 
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Figure S 7: Raw signal compared to the baseline corrected signal for scattering, opacity and 

ionization sensor for Test 8 
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Figure S 8: Raw signal compared to the baseline corrected signal for scattering, opacity and 

ionization sensor for Test 9 
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Figure S 9: Raw signal compared to the baseline corrected signal for scattering, opacity and 

ionization for Test 10 
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Figure S 10:  Raw signal compared to the baseline corrected signal for scattering, opacity and 

ionization sensor for Test 11 

 

 

 

SENSOR VOLTAGE VSP CORRELATION ALIGNMNENT RESULTS 
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Figure S 11: plot of  correlation alignment using pems.utils with VSP from engine data and 

sensor voltage from (ionization, opacity and scattering) for Test 8 from parSYNCÈ. 
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Figure S 12:  Plot of  correlation alignment using pems.utils with VSP from engine data and 

sensor voltage from (ionization, opacity and scattering) for Test 9 from parSYNCÈ. 



 

70 
 

 

Figure S 13:  Plot of  correlation alignment using pems.utils with VSP from engine data and 

sensor voltage from (ionization, opacity and scattering) for Test 10 from parSYNCÈ. 

 

 

 



 

71 
 

 
Figure S 14: Plot of  correlation alignment using pems.utils with VSP from engine data and 

sensor voltage from (ionization, opacity and scattering) for Test 11 from parSYNCÈ. 

 

 

 

 

 

VEHICLE ACTIVITY DATA DISTRIBUTION AND TIME SERIES 
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Figure S 15:  Distrubution of select engine parameters from Test 8 






























































































































































































































































































































































































