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1 Introduction 

The continuous traffic growth has led to highly congested cities, with negative environmental 
effects, both related to air quality and climate change. According to the European Environment 
Agency, transportation remains a significant contributor to the total emissions of the main air 
pollutants, (EEA, 2016). Specifically, Nitrogen Oxides (NOx), Carbon Oxide (CO) and fine 
particulate matter (PM2.5) make up 32%, 23% and 8% of the total emissions, respectively. This 
vigorous impact of vehicular emissions to the urban environmental air quality, raises concerns 
over the impact of traffic on human health. Therefore, the effective implementation of emission 
reducing policies, such as traffic control measures or congestion pricing, becomes crucial for 
many European cities in order to meet the air quality standards and mitigate the human exposure 
to pollution. To quantify the environmental effects of these measures and demonstrate their 
effectiveness, a reliable estimation of pollutants concentrations through emission and dispersion 
modelling is needed. 

The estimation of on-road emissions is an important step in an air quality analysis. Emission 
models are used for the on-road emission estimation, employing traffic related information on 
vehicle fleet, traffic state and traffic activity, as well as information on other local conditions such 
as road gradient and ambient temperature. In large urban areas, macroscopic or aggregated 
emission models are commonly applied, with COPERT (Gkatzoflias, et al., 2007) and HBEFA 
(Keller, 2010) being the two leading emission models in Europe. The models provide the user 
with the appropriate emission factor in grams of pollutant per vehicle kilometre. The most 
significant inputs to the two models are the traffic state and traffic activity, commonly expressed 
in terms of average speed and flow over a specific time period. The traffic state can be derived 
from traffic data obtained from sensor measurements (Beevers and Carslaw, 2005; Jing, et al., 
2016; Johansson, et al., 2009), traffic models (Borge, et al., 2012; Namdeo, et al., 2002) 
(Wismans, et al., 2013) or combination between measurements and models (Batterman, et al., 
2014; Gately, et al., 2017). 

Although, due to the latest years extensive research on intelligent transportation systems, new 
types of traffic data are becoming accessible, stationary detectors remains a cost-efficient method 
of collecting traffic data. In the case of limited data, the temporal variations of traffic activity are 
commonly estimated by applying seasonal factors over the annual average daily traffic flow 
(AADT). This approach addresses the temporal variation of cross-sectional data, but not the issue 
of the data being discrete in space. Also, estimations based on AADT will not capture the severity 
of the most congested days. Using such estimates in air quality analysis, together with time and 
location specific background pollution and meteorology data, risks to increase the uncertainty of 
the actual concentration of pollutants. This study investigates the use of cross-sectional data in 
aggregated emission models and provides some additional insights into the use of AADT data. 
Additionally, it present alternative techniques for data processing which imply a more consistent 
level of aggregation of data on traffic, background pollution and meteorology in air quality analysis. 

In order to obtain more accurate emission estimates from stationary detector data, we suggest 
the use a traffic state estimator that is based on filtering and smoothing techniques. Our aim is to 
obtain temporally and spatially continuous speed and flow fields, capable of capturing the 
variations in traffic conditions. The paper includes a comprehensive review on emission 
estimation approaches that use cross-sectional data, and provides a methodology for emission 
estimation, based on high accuracy traffic data, with limited computational burden, as well as 
limited number of sensors. Moreover, a comparison of the data processing techniques is 
presented. 

The paper outlines as follows: Section 2 consists a literature review on methods for emission 
estimations based on sensors measurements. Section 3 provides a description of the 
methodology of estimating emissions from cross-sectional data by either using AADT estimation 
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techniques or more sophisticated traffic estimators. Section 4 presents the case study that is a 
part of the E4 motorway in Stockholm, and provides details about the data collection. The results 
are presented in Section 5 and finally Section 6 concludes the study and discusses future work. 

2 Review of methods for estimating emissions from traffic measurements 

Traditionally, aggregated emission models rely on output from macroscopic static traffic 
assignment models. However, many studies (Aguilera and Lebacque, 2010; Bai, et al., 2007; Bai, 
et al., 2007) have highlighted the difficulty of using such data as input to emission modelling, since 
the modelling of traffic dynamics is very limited in these models. Therefore, many researchers 
have moved towards the exploitation of the increasingly accessible data from traffic sensors, 
either to be used in combination with traffic models, or on its own as the basis for determining the 
emission factors. Traffic data are commonly collected and stored for aggregated time periods and 
homogenous road sections. Traditionally, there are mainly data available from fixed road side 
sensors, but today there might also be additional sources of data from vehicle probes. A 
comprehensive overview of traffic sensors and data collection techniques is given in Allström et 
al. (2016). 

It is important to note that new sources of traffic data, such as automated vehicle identification 
(AVI) or global positioning systems (GPS), mainly contribute to the collection of speeds or travel 
times, and for the traffic volumes additional sources of data are needed. In Gately, et. al. (2017), 
emissions are estimated by assimilating GPS data with speed and flow data derived from 
stationary detectors or a traffic model. Nyhan, et al., (2016) use GPS trajectory data from taxis, 
available for a large urban area in Singapore, to estimate emissions. However, they conclude that 
Singapore is a special case, where taxi data can be used to infer general traffic pattern and the 
total volume, and this is not necessarily true for other urban areas. Jing, et al., (2016) estimate 
emissions for Beijing based on hourly average segment speed form GPS floating car data. The 
flow is derived from average speed using a functional relationship between speed and flow. 
Nevertheless, the floating car data covered only two weeks of data for the entire city. In Ryu, et 
al., (2015) GPS data is used to obtain speeds as input to the emission calculation, but only for 
specific vehicles and network routes. Therefore, although, this type of data has become 
accessible, it is not always possible to have a complete set of both speeds and flows. Additionally, 
these approaches can be expensive, require significant participation of the drivers and have 
privacy concerns (Jeng, et al., 2013). On the other hand, cross-sectional data, from stationary 
detectors (inductive loop detectors or radar sensors), are able to more efficiently provide 
comprehensive data. However, they only provide this data for specific points in the traffic network, 
and there is no information on what is happening in between two detectors. An example of the 
use of cross-sectional data for emission modelling purposes is given by Jeng et al. (2013), where 
a methodology for estimating emissions using inductive loop signature data to derive flow, space-
mean speed and vehicle fleet composition is proposed. 

Nevertheless, even in the case of stationary detectors, comprehensive data with respect to time 
and space, is not always economically feasible. For a reliable emission inventory, the available 
measured data can be extended in time and space using methods for missing data imputation. A 
common approach to estimate the traffic activity on a road with missing data or without permanent 
counting station, is to estimate the annual average daily traffic flow (AADT) and then multiply it by 
seasonal or hourly variation factors. The seasonal curves and the hourly traffic profiles can be 
computed with the help of permanent counting stations located in different parts of the network. 
The roads where those permanent stations are located, are then divided in categories. Each road 
with missing data, is assigned to the appropriate road category based on short-period 
measurements, usually using regression models or neural networks, and the corresponding 
seasonal curves are applied. A detailed review of the traditional methods for estimating missing 
counts can be found in Zhong et al. (2004). Commonly, only the traffic activity is estimated through 
AADT, and the traffic state (usually represented by the average speed) is then derived from other 
sources or through some analytical relationship between speed and flow. There are also 
examples where flow and capacity ratios are used (e.g. Trafikverket, 2012), to directly determine 
emission factors. These approaches, however, introduce the problem that there is not a one-to-
one mapping between average speed and flows, and the same flow can be measured both at an 
uncongested (high speed) and a congested (low speed) traffic state. 

To improve the accuracy of emission estimations, Fu, et al. (2017) attempt to extend short-period 
data to AADT using neural networks. Accordingly, Kholod, et al. (2016) derive AADT from video 
based detection at several locations and types of road while Coelho, et al. (2014) use manual 
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traffic counts to estimate AADT. In each one of these three studies, GPS data is used to obtain 
the average speed on each road segment or road category. Alternatively, Lindhjem, et al., (2012) 
use cross-sectional data to develop temporal allocation profiles for the traffic flow, and speed is 
derived as a function of flow (using the Bureau of Public Roads travel time functions). In many 
other recent studies (Batterman, et al., 2014; Batterman, et al., 2015; Basarić, et al., 2014) the 
estimation of emissions is based on AADT. 

With respect to emission modelling, there are two main limitations with using AADT: (1) average 
conditions do not capture the most congested days, and (2) applying air quality analysis based 
on average traffic conditions but with specific background pollution and meteorology data risks to 
underestimate the actual concentration of pollutants. Moreover, all the aforementioned studies 
focused more on the seasonal, or within day variations, of flow, while average speed was 
considered as temporally constant. Additionally, cross-sectional measurements is by their nature 
discrete in space, and by taking the spatial average of such measurement along a homogeneous 
segment (Ferm and Sjöberg, 2015; Muller-Perriand, 2014), the spatial variations of speed and 
flow are neglected. Despite the fact that average segment speeds can predict travel times 
sufficiently accurate, their non-linear relationship to emissions could lead to considerable errors 
when estimating emissions.  

3 Methodology 

The ideal situation, for a comprehensive emissions analysis, would be to install permanent traffic 
sensors on every road segment in the network, obtaining faultless traffic data, 365-days around 
the year. However, due to limitations such as costs related to installation and maintenance, this 
is not feasible and actual data sets usually contain a significant percentage of missing data. In 
this study, we will use and evaluate different techniques for imputation, both in space and time, 
of traffic data for road segments and/or time periods for which measurements does not exist.  

Section 3.1 presents the basis for applying aggregated emission models with traffic data. A 
methodology for extending data in time, based on annual average daily traffic flows (AADT) 
estimation is presented in Section 3.2. In order to compute total emissions, it is necessary to 
extend cross-sectional data in space, and two different approaches are presented in Section 3.3 
(spatial averaging) and in Section 3.4 (spatiotemporal interpolation). Note that the spatiotemporal 
interpolation technique, extending data both in time and space, will provide the most detailed 
picture of the actual traffic state, assuming a dense deployment of cross-sectional detectors. 
Hence, the results based on the spatiotemporal interpolation technique is in the case study 
considered as the ground-truth, when comparing alternative approaches. 

3.1 Aggregated emission modelling 

In aggregated emission models, emissions are calculated by multiplying the traffic activity with 
the corresponding emission factor. Emission factors are functional relationships, computing the 
quantity of a pollutant that a vehicle emits per a specified distance driven. The basic aim of the 
emission models is to provide the user with the appropriate emission factor for each vehicle and 
road category. The emission factors can be obtained from dynamometer test or other 
experimental data corresponding to a specific driving cycle. A detailed review of the experimental 
approaches that have been used in practice for the development of emission factors can be found 
in Franco, et al. (2013). 

Today, COPERT and HBEFA are the two leading aggregated emission models in Europe. 
COPERT is an average speed based model, and it is used by several European countries for 
officially reporting their national inventories of emissions from road transport. The COPERT 
emission factors depend on vehicle legislative class and road category, and are defined as 
continuous functions of average speed.  

HBEFA is a traffic situation based model, developed on behalf of several European countries 
(Germany, Austria, Switzerland, Norway and Sweden). The HBEFA database includes emission 
factors as a discrete function of vehicle legislative class, road category and traffic situation. Traffic 
situations are defined by indicative flow and speed levels, and HBEFA emission factors rely on 
the four traffic situations: Free flow, Heavy, Congested, and Stop and go. The road categories 
are divided by road environment (rural and urban), speed limit and road type (Motorway, Trunk 
road/ Primary, Distributor/ Secondary, Local/ Collector, Access/ Residential).  
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In average speed based models (e.g. COPERT) the emission factors are directly determined as 
a function of speed. The application of a traffic situation based model (e.g. HBEFA), instead, 
requires definition of the traffic situation in measurable terms. Commonly, average speed and/or 
flow is used for this. In this paper we will solely base the traffic situation on speed thresholds, and 
thus, the emission factors can be regarded as function of speed as well in this case. For future 
reference,  will denote the emission factor (in grams per vehicle kilometre) for pollutant p as 
function of speed  (in kilometres per hour). 

3.2 Annual average daily traffic 

Based on data from permanent stations, here referred as permanent traffic counters (PTC), a 
time (day/season) variation factor can be computed, describing the average daily flow for a 
specific type of days and road segment in proportion to the annual average daily flow (AADT). 
This factor can include characteristics related to specific type of days (e.g. weekdays and 
weekends) and to seasons (e.g. months).  

However, since PTCs can be installed only at some sites of the traffic network, short period traffic 
counts (SPTC) are commonly available for the rest of the network, providing data for shorter time 
periods (e.g. weeks or months). The main aim of this method is to predict the AADT for every 
SPTC site based on the time variation factor derived from a PTC located in the same road 
category. 

For every PTC site , the AADT can easily be computed, just by finding the mean of the annual 
daily flow. A key issue is then to group the days of the year into clusters, and group PTCs into 
road categories, for which we expect the time variation factor to be similar. This can be done 
using methods such as the k-means clustering (Hartigan and Wong, 1979) or fuzzy C-means 
clustering (Bezdek, et al., 1984). A common grouping of days is to cluster based on day of week 
and month of the year. Let  denote the set of road categories, and for a specific road category 
group ∈ ,  denotes the set of sites belonging to this category. Let  be the set of day clusters. 
For road category ∈  and day cluster ∈ , the time variation factor can be computed as 

, = | | ∑ ,𝐴𝐴𝐴∈ 𝑖 , 
(1) 

where ,𝐴  is the average daily flow at site  for day cluster , and 𝐴𝐴  is the annual average 
daily flow at site . 

The next step is to assign the SPTC sites, to one of the road categories and estimate their average 
annually flow. This can for instance be done using Artificial Neural Networks (Gastaldi, et al., 
2013) or regression models (Zhong, et al., 2004). Once a SPTC site, ,  is assigned to a road 
category group  and the average annually flow, 𝐴𝐴  , is defined, the average daily flow for the 
day cluster  can be estimated as 

,𝐴 = 𝐴𝐴 ⋅ ,  . (2) 

Depending on the use of the AADT, it may be necessary to also include an hourly factor. 
Emissions are sensitive to temporal traffic variation, and as highlighted in Batterman et al. (2014), 
they should be estimated in a daily and in an hourly level. As discussed in Tsanakas et al. (2017), 
one hour is a sufficiently short period to capture the emission estimation effects from traffic 
temporal variations. The hourly pattern can also be determined from the PTC sites, and can be 
included in the clustering analysis (Ha and Oh, 2014) and at the estimation procedure as 
proposed in (Gastaldi, et al., 2013). Therefore, for every road category , and day cluster , the 
hourly factor can be computed as 

, ,ℎ = | | ∑ ,ℎ,𝐻
,𝐴∈ 𝑖 , (3) 
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where ,ℎ,𝐻  is the hourly average flow for hour ℎ, on day cluster , at site . Using the hourly factor 
together with estimated AADT and time variation factor, hourly average flows can be computed 
for all SPTC sites: 

,ℎ,𝐻 = ,𝐴 ⋅ , ,ℎ . (4) 

However, for a comprehensive emission estimation, together with the flow, the temporal variation 
of speeds should also be included. If we assume that the same type of data as flow from the PTC 
sites is available also for the average speed, following the same methodology, the corresponding 
annual average daily speed (AADS) can be calculated. The final output of the method is a 
coherent set of hourly average speeds 𝑉 ,ℎ𝐻   and flows 𝑄 ,ℎ𝐻 , for every ℎ hour of the  day of the 
year. 

3.3 Spatial aggregation methods 

Cross-sectional data from stationary detectors needs to be extended in space, before an 
aggregated emission model can be applied. A common approach for extending the 
measurements to network links, is to assume that the traffic conditions are homogenous for the 
whole length of a link, referred to this study average homogenous segment (AHS) approach.  

Assume, that 𝑎 is the set of the sensors, , located in the homogenous link 𝑎. Let 𝑎 be the length 
of link 𝑎, and let 𝑉 ,ℎ,𝐻  and 𝑄 ,ℎ,𝐻  be the hourly mean speed and flow, of each sensor . Then, the 
total emissions, ,ℎ,𝑎, of pollutant , during day  and hour ℎ, at link 𝑎, can be expressed as 

,ℎ,𝑎 = | 𝑎| ∑ 𝑉 ,ℎ,𝐻∈ 𝑎  ∙ | 𝑎| ∑ 𝑄 ,ℎ,𝐻∈ 𝑎 ∙ 𝑎 (5) 

Alternatively, one can assume that each sensor has an area of influence (AOI). This area could, 
for instance, be the half of the distance between two adjacent sensors. This can easily be 
achieved by defining link segments so that there is exactly one sensor at each segment. Assume 
that the sensors  are consecutively numbered based on the their longitudinal position . Then, 
the total emissions, ,ℎ, , of pollutant , during day  and hour ℎ, at area of influence of sensor , 
can be expressed as 

,ℎ, = (𝑉 ,ℎ,𝐻  ) ∙ 𝑄 ,ℎ,𝐻 ∙ + − + − − . (6) 

 

3.4 Spatiotemporal interpolation 

To obtain a better description of the traffic conditions, including spatial and temporal variations, a 
traffic state estimator can be applied. Here, the traffic state estimator is based on the 
spatiotemporal interpolation and smoothing method suggested and described in Treiber & 
Helbing (2002) and Treiber and Kesting (2013). The adaptive smoothing method (ASM), fully 
reconstructs the speed and flow field, by both estimating temporally missing data and filling the 
spatial gaps between stationary sensors. The output of the interpolation is a complete speed 𝑉 ,  and flow 𝑄 ,   fields as a function of the discretised space and time intervals , . In 
practise there is a need to discretise, because of both computational burden and emission 
modelling issues. Regarding the latter, an aggregated emission model should be applied on stable 
traffic conditions, for which the driving cycles can be expected to be valid. Thus, 𝑉𝑥,  and 𝑄𝑥,  will 
denote the discretised speed and flow measurements. 

The interpolation method relies on a discrete convolution, with a symmetric exponential function 
as the weighted kernel, 𝜙 , operating actually as a low-pass filter, smoothing temporal variation 
and spatial fluctuations. More specifically, the method considers that all the traffic perturbations 
are propagating either downstream, in free traffic conditions, with a wave speed , or 
upstream, in congested conditions, with a wave speed . Assume that 𝑧 , , is the value of 
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the 𝑧 traffic variable (in our case speed and flow) counted by the stationary sensor , at position 
 and time , where  denotes the the index of the aggregation time intervals. At each position  

and time , two linear anisotropic low-pass filters 𝑧 and 𝑧  can be computed as 

 

𝑧 , = ∑ ∑ 𝜙 ( − , − − − ) ∙  𝑧 ,∑ ∑ 𝜙 ( − , − − − )  (7) 

and 

𝑧 , = ∑ ∑ 𝜙 − , − − − ∙  𝑧 ,∑ ∑ 𝜙 − , − − −  . (8) 

The Kernel 𝜙 is given by 

𝜙 , = | |𝜎 − | |𝜏 , (9) 

where 𝜎 and 𝜏 are the spatial and temporal smoothing widths. Finally, the estimated traffic variable 
consists a superposition of the two low-pass filters 𝑧 , = ,  𝑧 , + ( − , )𝑧 , , (10) 

with ,  being a weight factor ≤ ≤ . 

In Wang et al. (2011) the ASM is used in order to estimate emissions from cross-sectional data. 
They use the ASM based estimation to derive vehicle trajectories for a microscopic emission 
model. However, the ASM output can be also applied together with an aggregated emission 
model. As we have mentioned,  and  are associated with the discretised space and time 
respectively. Given that  and  are the lengths of each space and time interval, in metres and 
minutes respectively, at each section  and time interval , emissions can be computed as 

𝑥, = (𝑉𝑥, ) ∙ 𝑄𝑥, ∙ ∙ / ⋅ . (11) 

4 Case study 

4.1 Introduction to the study area 

For this study we will use traffic data from the city of Stockholm. There are approximately 1500 
fixed detectors located all around Stockholm, mainly installed on motorways and arterials (Figure 
1 (a)). Almost two third of them are radar sensors, located at the E4 motorway, consisting an 
integral part of a Motorway Control System on the main highway that passes through Stockholm 
(Allström, et al., 2011).  

In our study, a 23.4 km long section, which is part of the E4, is considered (Figure 1 (b)). The 
segment consists of 83 network links, which are grouped, based on geographical and other 
characteristics such as the number of lanes, into 19 homogeneous road segments. Moreover, 92 
detector stations, are located every 250-300 metres along this segment of the motorway. Each 
detector station includes a number of radar sensors equal to the number of lanes at the location 
that collect one-minute aggregated time mean speed and traffic flow data. Here we use the mean 
flows and speeds across all lanes, from the first of January 2016 to last of December the same 
year.  
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 Figure 1: (a) Location of fixed detectors (b) The highway segment under consideration. 

4.2 Emission model 

In this study we use the HBEFA emission factors, adapted for Swedish roads and traffic 
conditions. Using information of the Swedish vehicle fleet composition, we calculate the weighted 
average of the emission factors corresponding to different vehicle classes, fleet mixture and 
mileage. Finally, our estimations are based on emission factors for the five pollutants HC, CO, 
NOx, CO2 and tail pipe PM and for two different road types (urban motorway with a speed limit of 
90 and 70 km/h).  

The only existing official description (Trafikverket, 2012), of how the traffic situation in HBEFA 
should be determined for road in Sweden, is based on the demand to capacity ratio of each 
network link. This is relevant when applying HBEFA with output from a static traffic model, which 
allows flow to exceed capacity. However, in our case, where HBEFA is applied together with 
measured traffic data rather traffic model outputs, we transformed the demand to capacity ratio 
thresholds to speed thresholds similarly with the method presented in Tsanakas et al. (2017). 
Finally, we use linear interpolation to describe the emission factors as continuous functions, , 
of average speed  for every pollutant . The purpose of doing this is to reduce the effect of small 
changes in speed, on the emission estimation. 

4.3 Seasonal, hourly factors and AADT estimation 

As mentioned in Section 4.1, each detector station collect one-minute aggregated time mean 
speed and traffic flow data, which can be used as input for HBEFA emission factors determination. 
However, the nature of the HBEFA emission factors are not instantaneous, they rather represent 
an aggregated situation, relying on average conditions during a driving cycle. Hence, the temporal 
interval of one minute, may not be a sufficiently long interval to describe a HBEFA traffic situation. 
For this reason, we aggregate the sensors outputs, speed and flow, temporally over an hour. The 
temporal interval of one hour is more representative for the HBEFA traffic situations and at the 
same time the speed variations and the demand fluctuations can be sufficiently caught (Tsanakas, 
et al., 2017). 

The flow and the speed data are then aggregated over one hour, and the average hourly data 
availability for the 92 sensors and the for whole 2016 is 89.9 %, with a 14.4 % standard deviation, 
the highest data availability for a sensor is 98.2 %, while the lowest 27.4 %. For 38 of the 92 
detector stations we managed to create complete AADT and AADS data, and hence the 
associated to these stations sites are considered as the PTC sites, , while the corresponding to 
the remaining 54 detector stations, sites are assumed to be the SPTC, .  

For the grouping of the PTC sites, the Fuzzy C-means algorithm (Bezdek, et al., 1984) is used, 
similarly to Gastaldi et al. (2013). However, the Fuzzy C-means algorithms requires the optimal 
number of clusters as input, and for the evaluation of the number of clusters we use the pseudo-
F statistic criterion (Caliŉski and Harabasz, 1974). Finally, the optimal number of road groups is 
found to be 3, | | = , with respect to both speed and flow. The resulting time variation factors, 

  

https://liuonline-my.sharepoint.com/personal/nikts95_liu_se/Documents/Paper_yearly_variations/figures/sensors_position.png
https://liuonline-my.sharepoint.com/personal/nikts95_liu_se/Documents/Paper_yearly_variations/figures/mainline_sensors.png
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Figure 2: Seasonal factors (a) week day (b) month. The shades of blue and red are 
associated with different road groups. 

Figure 3: Flow and speed hourly factors, for the different road groups. 

,  are illustrated by Figure 2, while Figure 3 shows the hourly factors, , ,ℎ for each road group , 
weekdays and weekends respectively.  

For each one of the SPTC sites, , the annual average daily traffic, ,𝐴𝐴 , is estimated through 

linear regression, and finally the SPTC site is assigned to a specific road group. The same 
methodology is used for the estimation of the annual average speed. Finally, the average hourly 
values that are missing for each detector station and traffic variable are estimated by using the 
equations (2)  and (4). 

4.4 Reconstruction of speed and flow filed using the ASM 

Figure 4 illustrates the sensors outputs for a typical day of 2016. Note the cross-sectional nature 
of data and the lack of traffic situation information between sensors. By applying the ASM, based 
on equations (7), (8), (9) and (10), we can obtain a continuous field, in space and time, of the 
traffic variables (Figure 5). Finally, emissions for five pollutants are estimated, based on the 
reconstructed field and using equation (11) with =  metres and =  minutes. The resulting 
emissions are illustrated in Figure 6 for NOx and CO.  

5 Results 

In this section we will present results for two different cases. The first case considers that the full 
radar sensors’ data is available for the 2016, while the second one assumes that a significant part 
of the data is missing. For both cases the emissions of the five pollutants were estimated based 
on the three approaches described in Section 3. 

Case 1 (full data): This case considers the complete dataset provided by the radar sensors during 
2016. The data availability for the SPTCs is for this case high (84.5 %), resulting in an accurate 
AADT estimation. Table 1 presents the annual total emissions for the road segment under 
consideration, based on the three different approaches. 

Assuming that ASM provides a complete and reliable space-time field of speed and flow capturing 
the spatial and temporal variations in traffic conditions, the resulting emission estimates using this 
method and the full dataset are regarded that represent the ground-truth. In order to evaluate the  
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Figure 4: Cross-sectional data from stationary detectors (a) flow, (b) speed. 

Figure 5:  ASM reconstructed field (a) flow, (b) speed.  

Figure 6: Emission estimation (grams per 100 metres and 15 minutes) for the ASM 
reconstructed field (a) NOx, (b) CO. 

accuracy of the other two approaches the resulting emissions by these approaches are compared 
to the emissions estimated based on the ASM data. In Table 1 we notice that at an annual level 
the differences between the approaches are relatively small, mainly because of the high data 
availability. However, considering specific days, the differences are high, Table 2 presents the 
mean, the standard deviation, the minimum and the maximum percentage difference among the 
366 days of 2016, between the two approaches (AADT+AHS and AADT+AOI) and the ground-
truth for the three pollutants (HC, CO and NOx) where we noticed the highest differences. 

Although, at an annual level the differences between the approaches are not so vital, at a daily 
level the overestimation could reach to 25.2 % while the underestimation to 22.9 %. However, 
due to high temporal availability of data, the differences mainly arise due to the dissimilar way of 
spatially aggregating the cross-sectional data. The spatial allocation of annual emissions, per 100 
metres, is illustrated by Figure 7. Despite the fact that the whole segment’s annual estimated 
emissions do not significantly differ between the three approaches, according to Figure 7 their 
spatial allocation crucially changes. Emissions have local effect and their exact location is 
important both from a dispersion modelling and from a pedestrians, cyclist and local inhabitants 
exposure effect point of view.  

Case 2 (reduced data): In this case the available data is significantly reduced, by leaving only two 
weeks counts for 64 sensors. The average sensors’ data availability is diminished to 26.3% 
associated with a standard deviation of 39%. The number of the PTC is reduced from 38 to 14, 

https://liuonline-my.sharepoint.com/personal/nikts95_liu_se/Documents/Paper_yearly_variations/figures/discrit_flow.png
https://liuonline-my.sharepoint.com/personal/nikts95_liu_se/Documents/Paper_yearly_variations/figures/discrit_speed.png
https://liuonline-my.sharepoint.com/personal/nikts95_liu_se/Documents/Paper_yearly_variations/figures/NOx_grid_int.png
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Table 1: Annual emissions for case 1. 

Table 2: Percentage difference with the ground-truth, at a day level for the case 1. 

Figure 7: Spatial per 100 metres allocation of the annual emissions considering the case 
1, and for the pollutants (a) NOx, (b) CO, (c) HC. 

while the data availability for the STPC sites is declined to 13.5%. For most of the STPC, the 
assignment into the road groups and the AADT estimation is based on limited measurements with 
a two weeks duration. Table 3 presents the resulted annual estimated emissions for the three 
approaches related to this second case, while Table 4 presents the daily variation of the 
differences.  

The level of annual differences between the three approaches and the ground-truth, for this case 
is again not very high. However, considering the results presented in Table 4, ASM seems to 
have a better performance when the data is reduced, especially at a daily level. Concerning the 
other two methods, both of them but especially the AADT+AOI approach, tend to overestimate 
the total annual emissions compared to the ground-truth. Nevertheless, the most significant 
difference between the two methods and the ground-truth relies on the temporal, at a day level, 
variations of the annual emissions.  

Figure 8 and Figure 9 illustrate the estimated emissions of CO and NOx, respectively, considering 
the case 2 (reduced data) versus the ground-truth for each of the three approaches. The results 
demonstrate that the estimated seasonal curves cannot efficiently capture the traffic variations 
and consequently the magnitude of the emitted pollutants for some extreme days (either intensely 
congested or days with sparse traffic). On the contrary, ASM, being capable to estimate the 
propagation of traffic perturbation, performs better with limited input data.  

  

 Tones of pollutant emited  

Case 1: full data HC CO NOx CO2 PM 

ASM 10.500 120.07 103.60 6.1492⋅ 4 1.6084 

AADT+AHS 10.390 118.80 102.29 6.0662⋅ 4 1.5873 

AADT+AOI 10.554 120.05 103.35 6.1283⋅ 4 1.6016 

 Percentage difference with ground-truth 

Case 1 mean Standard 
deviation min max 

 HC CO NOx HC CO NOx HC CO NOx HC CO NOx 

AADT+AHS -1 -1.1 -1.3 2.9 2.8 2.5 -13.3 -12.0 -11.3 17.2 18.4 14.2 

AADT+AOI 0.5 -0.1 -0.2 3.4 3.3 2.7 -22.9 -11.9 -10.9 25.1 25.2 18.8 
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Table 3: Annual emissions for case 2. 

 Tones of pollutant emited  

Case 2: reduced data HC CO NOx CO2 PM 

ASM 10.423 118.59 102.41 6.0852⋅ 4 1.5871 

AADT+AHS 10.617 121.74 104.74 6.2139⋅ 4 1.6251 

AADT+AOI 10.292 123.88 106.33 6.3030⋅ 4 1.6471 

  

Table 4: Percentage difference with the ground-truth, at a day level for the case 2. 

 

 

   

Figure 8: CO estimates based on the three different approaches versus the ground-truth. 

 

Figure 9: NOx estimates based on the three different approaches versus the ground-truth. 

 

 Percentage difference with ground-truth 

Case 2  mean Standard 
deviation min max 

 HC CO NOx HC CO NOx HC CO NOx HC CO NOx 

ASM -0.8 -1.3 -1.2 1.9 2 1.8 -5.2 -6.6 -5.1 4.2 3.7 3.1 

AADT+AHS 1.1 1.4 1.1 14.5 13.7 11.3 -22.9 -20.0 -16.4 115.8 115.9 93.21 

AADT+AOI 3.4 3.2 2.6 16 14.8 11.9 -20.7 -17.9 -14.8 132.7 128.3 101.4 
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Table 5:  The effect of ASM aggregation level.  

It is important to notice here that although ASM had a better performance, the computational time 
and the required computer memory, remain an issue, since they are significantly higher compared 
to the other two approaches. The computational time of ASM, can be influenced by the input data 
size, but mainly depends on the length of the space and time discretisation intervals , . For that 
reason, we experiment with different sets of spatiotemporal aggregation values. The accuracy 
and the efficiency of the aggregation is evaluated based on the emission estimation results. Our 
most detailed estimation, is based on 100 metre segments and 15 minute time periods (ASM 
100/15), and is also associated with the results presented in Table 1 and Table 3 . By gradually 
increasing the aggregation level, we examined the effect on computational time, data size and 
annual emissions estimates. The first column in Table 5 describes the considered alternatives 
regarding the spatial (metres)/temporal (minutes) aggregation levels. The rest columns contain 
the values of the percentage differences between each alternative and the ASM (100/15). 

We can conclude that by modifying the aggregation level, the magnitude of the estimated 
emissions is not drastically changed, while the computing time and the required memory are 
significantly decreased. If we compare the estimated emissions from ASM 160/40 to the ground-
truth (ASM 100/15 full data), the total annual emissions are underestimated from 0.65% to 1.63% 
depending on the pollutant, while the standard deviation of this underestimation between the 366 
days of the year ranges from 1.7% to 2.2%. Therefore, the ASM even with longer space and time 
intervals can accurately fill the required for an emission modelling, spatiotemporal gaps of the 
case’s 2 reduced data.  

6 Conclusions and future work 

Since road emissions is an important contributor to the total emissions of the main air pollutants, 
their estimation should be accurate, in order to evaluate air pollution mitigation strategies. 
Emission models are used for this purpose, providing emission factors based on vehicle fleet 
mixture, road type and traffic activity. The installation of stationary detectors is a cost-efficient 
method of collecting the traffic activity. However, a temporally comprehensive data set is not 
always economical feasible for every road of a network and cross-sectional measurements is by 
their nature non-continuous in space.  

Traditionally, during emission estimation analyses, the temporal variations of traffic are estimated 
by the application of seasonal factors over an estimated AADT, while the spatial variations are 
aggregated by considering homogeneous segments. Since, from an emission estimation 
perspective, traffic spatiotemporal variations are a crucial factor, in this study we suggest the use 
of a traffic state estimator (ASM) to generate inputs for the emission model. The traffic estimator 
having as input cross-sectional data, provides a continuous time and space field of the traffic 
variables. The resulted by the ASM approach emission estimates are then compared to the 
corresponding estimates derived from the aforementioned traditional approaches. 

For the first case, with high temporal availability of cross-sectional data, the main differences 
between the approaches are associated with the temporal and spatial distribution of the total 
annual emissions. However, despite the fact that the spatial allocation of emissions differs 
significantly, we noticed convergence among the different approaches regarding the total annual 
emissions. Concerning the case of reduced temporal data availability, the differences between 
the variations in terms of daily traffic, are higher, mainly due to the fact that AADT and seasonal 
factors cannot describe extreme days. ASM showed a better performance, being able to describe 
more accurately the traffic variations.  

 Percentage difference with ASM 100/15 

Case 2: reduced 
data HC CO NOx CO2 PM Computational 

time 
Required 
memory 

ASM 130/25 0.2903 0.4382 0.3078 0.2911 0.3061 -65.178 -52.759 

ASM 150/30 0.1240 0.3541 0.2746 0.2784 0.3031 -75.892 -65.170 

ASM 160/40 0.0111 0.2831 0.3738 0.4091 0.4293 -83.928 -74.883 

ASM 180/50 0.4362 0.7062 0.6888 0.7070 0.6957 -88.392 -81.688 

ASM 200/90 1.0132 1.4913 1.8053 1.9365 1.9266 -96.735 -85.445 
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Computational time and memory requirements are an issue for ASM, which limits the usage 
mainly to offline estimation. However, we managed to reduce the computing effort without 
significant affecting the quality of the results.  

Additionally, we should highlight here that our results can be regarded as case specific, since the 
geographical and other characteristics of each segment are similar. We had a relatively accurate 
AADT estimation (compared to many real world cases), leading to not so high differences 
regarding the annual emissions. Furthermore, we used linear regression for the AADT estimation. 
However, Zhong et al. (2004) conclude that neural networks could have better performance. 
Furthermore, it would also be interesting to use emission estimates related seasonal factors, 
instead of the traditional flow and speed seasonal factor estimation. 

Moreover, we considered constant vehicle fleet composition, and the emission factors were only 
depending on average speed and road type. It would be of interest in future to exploit the sensor 
data for a dynamic and location specific estimation of vehicle fleet composition together with the 
traffic estimator.  
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