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Abstract

Urban intersections are important hot spots of traffic–related air pollution, particularly
in places where signal delays and idling increase vehicle emissions. This study evaluates
near–road carbon monoxide (CO) concentrations at a signalized four–leg intersection in
Ulaanbaatar, Mongolia, by combining field measurements with CALINE4 dispersion mod-
eling. CO concentrations were measured at four receptor locations during two observation
periods, 9:00–10:00 and 15:00–16:00. Hourly traffic volume, fleet composition, microclimatic
conditions, and receptor geometry were used as model inputs. A fleet-weighted CO emis-
sion factor of 12.5 g veh−1 mile−1, adjusted for vehicle age and local stop-and–go traffic
conditions, was applied as the base case, while 11.5 and 13.5 g veh−1 mile−1 were tested
as sensitivity scenarios. The base case CALINE4 results reproduced the measured spatial
pattern reasonably well, with overall performance indicators of r2 = 0.759, FB = −0.006,
NMSE = 0.010, RMSE = 0.400 ppm, and MAE = 0.325 ppm. Sensitivity analysis showed that
higher emission factors increased predicted CO concentrations, although differences among
scenarios were limited. The results suggest that the MOVES–CALINE4 modeling chain is
suitable for preliminary screening level CO hot–spot assessment at congested intersections
in Ulaanbaatar.

Keywords: urban intersection; Ulaanbaatar; near-road air quality; traffic emission

1. Introduction
Urban air pollution has become one of the major global environmental and public

health challenges. In particular, pollutant concentrations in heavily trafficked road corridors
frequently exceed permissible air quality standards. Previous studies have shown that
long–term exposure to traffic–related air pollution is associated with respiratory diseases,
cardiovascular disorders, and increased mortality risk [1]. In addition, air pollution is an
important contributor to childhood respiratory diseases, particularly in low and middle–
income countries in Asia [2]. Among the pollutants emitted by motor vehicles, carbon
monoxide (CO) poses a significant health risk because it binds strongly to hemoglobin and
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reduces the oxygen–carrying capacity of the blood. Elevated concentrations of CO and
other related pollutants near roads in heavily trafficked urban areas increase health risks
for pedestrians and nearby residents [3].

Ulaanbaatar, the capital and administrative center of Mongolia, has a population
of approximately 1.6–1.7 million and covers an area of about 4704.4 km2. The city has
experienced rapid urbanization and motorization over recent decades. Approximately 56%
of all registered vehicles in Mongolia are concentrated in Ulaanbaatar, and motorized vehi-
cles account for 97.7% of daily urban traffic. These conditions make congested signalized
intersections in Ulaanbaatar suitable environments for assessing the—dispersion patterns
of CO and other hazardous traffic–related pollutants.

The geographical setting of Ulaanbaatar, combined with its arid continental climate,
promotes strong temperature inversions during winter and transitional seasons. Stable
atmospheric conditions and low wind speeds restrict pollutant dispersion. The city also
experiences a low atmospheric mixing layer height, which further enhances pollutant
accumulation [4]. Rapid growth in vehicle ownership and persistent traffic congestion
also contribute to elevated near–road CO concentrations [5]. Signalized intersections are
often local air pollution hot-spots because they are characterized by vehicle idling, decel-
eration, long queues, and concentrated traffic flows. These operating conditions reduce
fuel combustion efficiency and increase CO emissions [6]. Road geometry, transport infras-
tructure, land use patterns, and surrounding development also influence the dispersion of
traffic–related pollutants [7].

Advanced dispersion models, including C–LINE, OSPM, ADMS–Urban, RLINE/
AERMOD, OML–Highway, and Polyphemus, are widely used to evaluate pollutant con-
centrations near–roads. In the present study, CALINE4, which is based on Gaussian
line–source theory, was selected. CALINE4 was chosen because it is suitable for the project
level analysis of CO concentrations at specific monitoring locations and can be applied
as a screening–level tool with relatively simple input requirements for intersection envi-
ronments. Previous research has also shown that the integrated MOBILE6.2–CALINE4
framework can estimate near–road CO concentrations with reasonable accuracy [8]. Studies
conducted in Indian cities reported that CALINE4 performed acceptably near intersections
and under relatively flat terrain conditions [9,10]. However, model accuracy is highly
dependent on wind conditions, traffic volume, emission factors, roadway geometry, and
terrain complexity [9,11].

The performance of CALINE4 also varies according to pollutant type and study en-
vironment. In Detroit, USA, the model reproduced CO concentrations reasonably well
but underestimated PM2.5 concentrations [12]. In Himachal Pradesh, India, the model
performed better in flat terrain than in mountainous areas [13]. Studies conducted in
Beijing and Guangzhou concluded that the MOBILE6.2CALINE4 framework was suitable
for estimating PM10 concentrations near roads and intersections [14]. At a heavily trafficked
intersection in Bangalore, modeled PM2.5 concentrations showed acceptable agreement
with field measurements [10]. Sensitivity analyses have identified traffic volume, emission
factors, wind speed, and wind direction as the main parameters affecting CALINE4 predic-
tions [15]. Nevertheless, unsatisfactory model performance has also been reported under
certain high–traffic conditions [11]. Integrated approaches combining MOVES–Matrix with
CALINE4 or AERMOD have improved computational efficiency while maintaining reliable
results [16]. CALINE4 has also been successfully applied to studies of unsignalized intersec-
tions [17] and pedestrian exposure, where pollutant concentrations were found to decrease
with increasing receptor height [18]. These findings indicate that CALINE4 is an efficient
tool for the preliminary assessment of near–road CO and particulate matter concentrations.
However, in areas characterized by complex terrain, variable meteorological conditions,
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traffic congestion, and uncertainty in emission factors, model outputs should be validated
against local measurements.

Several studies have previously applied CALINE–type models to assess microscale
carbon monoxide (CO) concentrations around roadway intersections. Abdul–Wahab ap-
plied the CAL3QHC model to estimate CO concentrations near a roadway intersection in
Muscat, Oman [19], while Tippichai et al. used CAL3QHC to predict CO concentrations at
signalized intersections in Khon Kaen, Thailand [20]. Subsequent studies also examined
CO emission modeling at signalized intersections using CAL3QHC; for example, Kho et al.
applied the model in Kuching, Malaysia [21], and Ritner et al. used a MOVES–CAL3QHC
modeling framework that accounted for emissions during acceleration and deceleration
phases [22]. However, localized applications that integrate field measurements, vehicle fleet
composition, receptor geometry, meteorological input data, and emission factor estimation
remain limited in the Mongolian context.

Therefore, the objective of this study is to evaluate CO concentrations near a heavily
trafficked signalized four–leg intersection in Ulaanbaatar by integrating on–site measure-
ments with CALINE4 dispersion modeling. The analysis combines traffic volume, vehicle
fleet composition, micrometeorological conditions, roadway geometry, receptor locations,
and emission factor estimation to compare measured and modeled CO concentrations. The
findings are expected to clarify the applicability and limitations of CALINE4 under the
specific traffic, meteorological, and topographical conditions of Ulaanbaatar. In addition,
the study provides a scientific basis for improving traffic emission assessment and localized
air quality management.

2. Methodology
In this study, a signalized four-leg intersection with high traffic demand in Ulaan-

baatar City was selected, and the dispersion of CO emitted from road traffic was evaluated
using a combination of field measurements and mathematical modeling. The method-
ological framework consists of five main stages: description of the study area, traffic
survey, microclimatic measurements, emission factor estimation, and CALINE4 dispersion
modeling framework.

CALINE4 was selected because this study aimed to provide an initial assessment of
CO hot–spots at a signalized intersection using data collected during a relatively limited
field campaign. The model was well suited to the available dataset, which included traffic
volume, roadway geometry, receptor locations, estimated emission factors, wind speed,
wind direction, and ambient temperature. It also offers a practical and transparent way
to evaluate near–road pollutant dispersion when detailed meteorological and turbulence
data are not available. For this reason, CALINE4 was used as a screening–level tool to
examine spatial variations in CO concentrations and to compare measured and predicted
values, rather than as a substitute for more advanced dispersion models requiring more
comprehensive input data.

2.1. Study Area

The study site was a signalized four–leg intersection located in the central area of
Ulaanbaatar City characterized by heavy traffic volume. A circular zone with a radius of
200 m around the intersection was defined as the study and measurement domain. This
zone included pedestrian crossings, residential areas, and commercial and service buildings.
The layout of the intersection is illustrated in Figure 1.

To accurately represent the spatial configuration of the intersection and the positioning
of the monitoring equipment, four discrete receptor points (A, B, C, and D) were established.
These points were situated at a uniform height along the vertical (Z) axis, strategically posi-
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tioned at locations where pedestrian density is highest during signalized crossing intervals.
The center of the intersection was defined as the coordinate origin (0,0). Two roadway links
were represented as at–grade line sources: Link 1 for the east–west roadway and Link 2
for the south–north roadway. Four monitoring locations were represented as receptors
A, B, C, and D, located around the intersection at a height of 1.2 m, which represents the
approximate pedestrian breathing height.

 

Figure 1. Location of the study area, intersection layout, and measurement points, adapted and
annotated from Google Maps using AutoCAD 2018. Map data/image © Google and respective
data providers.

Air quality measurements were conducted using an AQ–IQ Pod (USA, Colorado.
College of Engineering and Applied Sciences), a portable low–cost air quality monitoring
device developed by a research laboratory at the University of Colorado Boulder, USA. The
device is designed to measure multiple air quality parameters, including CO, CO2, PM1,
PM2.5, and PM10. Compared with conventional high-precision regulatory–grade monitor-
ing instruments, the AQ–IQ Pod provides a lower–cost and more portable alternative for
field–based air quality monitoring.

The geometric dimensions of the intersection are provided in Table 1, while the spatial
coordinates of the receptor points are summarized in Table 2.

Table 1. CALINE4 geometric dimensions of the intersection.

Link X1/(m) Y1/(m) X2/(m) Y2/(m)

Link1 −200 0 200 0

Link2 0 −200 0 200

Table 2. Coordinates of measurement points.

Measurement Point X/(m) Y/(m) Z/(m)

A −7 14 1.2

B 21 14 1.2

C 7 −14 1.2

D −21 −14 1.2
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2.2. Traffic Survey

The field survey was carried out on 29 August 2024, a regular weekday in autumn.
The date was chosen because there were no public holidays, major road closures, traffic
restrictions, or unusual weather conditions that could have affected normal travel patterns.
The traffic conditions observed during the survey were therefore considered representative
of a typical weekday at the selected signalized intersection. Data were collected during
both the morning and afternoon periods to capture changes in CO concentrations under
different traffic and meteorological conditions. Traffic volumes and vehicle movements at
the four–leg intersection were recorded using drone footage together with video recordings
from fixed cameras.

Figure 2 presents the hourly directional traffic volumes recorded from 08:00 to 20:00
for four movements: southnorth, west–to–east, north–to–south, and east–to–west. Traf-
fic was unevenly distributed between the two principal roadway axes, with approxi-
mately 58% of the total traffic travelling along the north–to–south axis and 42% along the
east–to–west axis.

 

0
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South–to–North West–to–East North–to–South East–to–West

Figure 2. Hourly directional traffic volumes at the intersection from 08:00 to 20:00 on 29 August 2024.

For the CALINE4 model, the four directional traffic streams were aggregated into
two roadway links. Link 1 represents the east–to–west roadway and was calculated as the
sum of the west–to–east and east–to–west traffic streams. Link 2 represents the north–to–
south roadway and was calculated as the sum of the south–to–north and north–to–south
streams. The highest total hourly traffic volume was recorded during 09:00–10:00, reaching
5689 vehicles per hour; therefore, this period was selected as the morning peak–hour base
case. The 15:00–16:00 period, with a total volume of 4442 vehicles per hour, was also
modeled to compare the predicted concentrations with the CO concentrations measured
during the afternoon survey. The aggregated traffic volumes used as CALINE4 model
inputs are summarized in Table 3.

Table 3. Traffic volumes aggregated by CALINE4 roadway link for the modeled periods.

Period Link 1: East–to–West (veh/h) Link 2: South–to–North (veh/h) Total (veh/h)

9:00–10:00 2243 3446 5689

15:00–16:00 2014 2428 4442
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The vehicle fleet composition observed during the traffic survey is presented in
Figure 3. The surveyed fleet included hybrid, diesel, and petrol passenger cars and SUV’s,
as well as diesel–powered buses and trucks.

 

Figure 3. Composition of vehicle types observed at the intersection on 29 October 2024.

2.3. Meteorological Measurements During the Field Campaign

During the CO measurement campaign at the signalized intersection in Ulaanbaatar,
local field meteorological parameters were recorded at approximately pedestrian breathing
height using a handheld anemometer (China, Electronic wind speed meter tester, model
HT625B). In accordance with the World Meteorological Organization (WMO) Guide to
Instruments and Methods of Observation, wind speed and air temperature were considered
essential field observation variables for interpreting near–road pollutant dispersion [23].
The measured wind speed, wind direction, and ambient temperature represent short–term
meteorological conditions during the field campaign and were used as input parameters for
CALINE4. They should not be interpreted as a long–term microclimatic characterization of
the study area.

Wind speed and ambient temperature were measured using a handheld anemometer,
while wind direction was determined separately using compass–based field observations
and expressed according to the meteorological convention. For example, 315◦ indicates
wind originating from the northwest.

The micro–meteorological parameters used for CALINE4 input and wind–rose visual-
ization are summarized in Table 4. Hourly average values were used as the direct CALINE4
input, while the minimum and maximum values were retained to describe the observed
range of field conditions during the two measurement periods.

Table 4. Completed meteorological data used for CALINE4 input and reconstructed wind–rose
visualization.

Parameter 09:00–10:00
Avg

09:00–10:00
Min

09:00–10:00
Max

15:00–16:00
Avg

15:00–16:00
Min

15:00–16:00
Max

Wind speed/(m/s) 1.2 0 3.5 1.8 0 4

Wind direction/(deg) 315 285 345 295 255 335

Wind direction std.dev./(deg) 15 - - 20 - -

Ambient temperature/(◦C) 16 14 17 19 17 20
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Figure 4 presents the wind–rose diagrams for the two modeled periods, showing the
distribution of wind direction and wind speed. During 09:00–10:00, the average wind
speed was 1.2 m/s, with an observed range of 0–3.5 m/s, and the dominant wind direction
was 315◦. During 15:00–16:00, the average wind speed increased to 1.8 m/s, with a
range of 0–4.0 m/s, while the dominant wind direction shifted to 295◦. The ambient
temperature ranged from 14–17 ◦C during the morning period and from 17–20 ◦C during
the afternoon period.

 
Figure 4. Wind–rose diagrams showing wind direction and wind speed distributions during the
morning (09:00–10:00) and afternoon (15:00–16:00) modeling periods.

Because continuous high–frequency wind direction measurements were unavailable,
the wind rose was reconstructed from field observations and aggregated meteorological
data. A synthetic 5-min interval series was generated solely for visualization and was
not treated as an independent set of raw observations. The reconstruction preserved the
observed hourly mean wind speed, wind speed range, dominant wind direction, directional
variability, and temperature range.

Wind direction standard deviation was included to represent directional variability
during the two measurement periods. In CALINE4–related CO screening applications,
wind direction and wind direction standard deviation are important meteorological inputs;
the Sacramento Metropolitan Air Quality Management District CO modeling guidance
notes that a wind direction standard deviation may be specified and recommends 5◦ for
worst–case screening conditions [2]. In this study, standard deviations of 15◦ for 09:00–10:00
and 20◦ for 15:00–16:00 were used to represent moderate directional variability observed
during the field campaign.

Accordingly, the reconstructed wind rose should be interpreted as a supporting vi-
sualization of the meteorological conditions used in the dispersion–modeling framework,
whereas the CALINE4 simulation itself was parameterized using the observed hourly
average meteorological values shown in Table 4.

2.4. Emission Factor Estimation

The emission factors (EFs) for CO emitted from vehicles were selected based on
internationally recognized models widely used in previous studies. Considering vehicle
fleet composition and traffic conditions, the weighted emission factor (WEF) was calculated.

An EF represents the amount of pollutant emitted per unit distance traveled
(g/km) by a specific vehicle type. EF values depend on multiple factors, including
vehicle type, fuel type, vehicle age, maintenance condition, engine performance, and
meteorological conditions [24–26].
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In Mongolia, vehicles are imported, and a nationally developed EF database (EFDB)
has not yet been established. Consequently, international empirical models are commonly
used to estimate vehicle emissions. As noted by Bayasgalan and Matsumoto [27], EF
standards based on vehicles operating in Mongolia have not yet been fully developed,
although related research began in 2014.

The vehicular fleet in Mongolia exhibits a heavily skewed age distribution, with ap-
proximately 80% of vehicles exceeding 10 years of age, while those aged 0–3, 4–6, and
7–9 years account for only 6%, 4%, and 10%, respectively [28]. Mongolia’s vehicle fleet is
characterized by a high share of old vehicles, which contributes to elevated exhaust emis-
sions and urban air quality deterioration. Therefore, the emission assessment in this study
was supported by national vehicle statistics and Mongolia’s National Inventory Report
submitted to the UNFCCC [29]. Furthermore, chronic traffic congestion in Ulaanbaatar,
characterized by sustained low operational speeds (10–20 km/h) and extensive engine
idling, significantly exacerbates emission factors (EFs).

Given these localized complexities, CO values were estimated using the USEPA
MOVES (Motor Vehicle Emission Simulator) framework [30]. The MOVES model was
selected for its high–fidelity capacity to integrate multi–dimensional variables, including
vehicular age bins, fuel specifications, transient driving cycles, and ambient meteorological
parameters [31]. Furthermore, the MOVES model is widely recognized as a state–of–the–art
emission modeling tool that improves the accuracy of emission factor estimation at national
and regional scales by incorporating driving patterns and vehicle operating conditions [32].

The CO emission factor used as an input to the CALINE4 dispersion model was esti-
mated as a literature–based proxy emission factor rather than a direct MOVES simulation
output. This approach was adopted because the MOVES model was not executed for the
study site. Nevertheless, the method retains consistency with MOVES–based emission rate
concepts by using published vehicle–type–specific emission factors and then adapting them
to the observed fleet composition at the intersection. CALINE4 was selected for projectlevel
CO hot–spot analysis, which is consistent with Caltrans’ guidance that identifies CALINE4
as applicable to CO hot–spot analysis near roadways [33].

The baseline CO emission factors were obtained from the Bureau of Transporta-
tion Statistics (BTS) Table 4-43, which reports estimated national average vehicle emis-
sion rates in grams per mile. The current BTS Table 4-43 is generated using EPA
MOVES4 and states that the emission factors are averages based on national age dis-
tributions, vehicle activity, operating modes, speeds, temperature conditions, inspec-
tion/maintenance assumptions, and average fuel properties. The table also specifies
that gasoline–electric hybrid vehicles are represented within the gasoline vehicle cat-
egory [34]. For the numerical proxy calculation, the archived BTS Table 4-43 values
for 2010 were used because the relevant CO values are explicitly available by vehi-
cle type and fuel type. The selected CO values were as follows: gasoline lightduty
vehicle = 8.73 g veh−1 mile−1, gasoline light–duty truck = 11.02 g veh−1 mile−1, diesel
light–duty vehicle = 0.90 g veh−1 mile−1, diesel light–duty truck = 0.76 g veh−1 mile−1,
and diesel heavy–duty vehicle = 1.75 g veh−1 mile−1 [35].

As summarized in Table 5, the observed vehicle composition at the intersection was
mapped to the corresponding BTS vehicle classes, resulting in a fleet–weighted emission
factor of 6.41 g veh−1 mile−1. Cars–Hybrid and Cars–Petrol were assigned to gasoline
light–duty vehicles, Cars–Diesel to diesel light–duty vehicles, SUV–Hybrid and SUV–Petrol
to gasoline light–duty trucks, SUV–Diesel to diesel light–duty trucks, and Buses–Diesel
and Trucks–Diesel to diesel heavy–duty vehicles.
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Table 5. Emission factors (EF) calculated using the MOVES model.

Vehicle Type Observed Share (%) Assigned Emission Class EFi/(g veh−1 mile−1) Weighted EF
(g veh−1 mile−1)

Cars—Hybrid 22 Gasoline light–duty vehicle 8.73 1.92

Cars—Diesel 9 Diesel light–dutyvehicle 0.90 0.08

Cars—Petrol 19 Gasoline light–dutyvehicle 8.73 1.63

SUV—Hybrid 12 Gasoline light–dutytruck 11.02 1.31

SUV—Diesel 22 Diesel light–dutytruck 0.76 0.17

SUV—Petrol 11 Gasoline light–dutytruck 11.02 1.21

Bus—Diesel 3 Diesel heavy–duty vehicle 1.75 0.06

Truck—Diesel 2 Diesel heavy–duty vehicle 1.75 0.03

Total 100 - - 6.41

However, this baseline value represents U.S. national average conditions and cannot
fully represent the Mongolian vehicle fleet, which is characterized by a high proportion
of old vehicles. National road safety statistics indicate that a dominant share of registered
vehicles in Mongolia has been used for 10 years or more [36]. Therefore, an age–related
deterioration factor and a traffic–condition factor were applied to account for the older fleet
and low–speed stop–and–go operation at the intersection. The adjusted CO emission factor
was calculated as:

EF(CO,adj) = EF(base,fleet) × K(age) × K(traffic) (1)

K(age) is the vehicular age correction factor.
K(traffic) is the traffic operating condition adjustment factor.
In this study, K(age) = 1.5 was used to account for emission deterioration associated

with the high share of old vehicles in the local fleet, while K(traffic) = 1.3 was used to
represent low–speed stop–and–go operation at the signalized intersection [37]. These
coefficients were applied as engineering adjustment factors to localize the literature–based
baseline emission factor to the study context. Because they were not derived from local
dynamometer measurements or direct MOVES simulations, they represent a source of
uncertainty. Therefore, sensitivity scenarios were applied to evaluate the influence of the
assumed emission factor on predicted CO concentrations. Thus:

EF(CO,adj) = 6.41 × 1.5 × 1.3 = 12.5·g·veh−1mile−1

Accordingly, the CO emission factor used in the CALINE4 model was set to
12.5 g veh−1 mile−1. Since this value is not a direct MOVES output, it should be interpreted
as a literature–based proxy emission factor. To assess the uncertainty in this assumption,
sensitivity analyses were performed using 11.5 and 12.5 g veh−1 mile−1.

2.5. CALINE4 Model Setup and Dispersion Modeling

The CALINE4 dispersion model was used to estimate near–road carbon monoxide
(CO) concentrations at the selected signalized four–leg intersection. CALINE4 is a steady-
state Gaussian line–source model developed for roadway air quality assessment and
describes pollutant dispersion using Gaussian diffusion theory together with a roadway
mixing zone concept [38,39].

Although CALINE4 can be applied to several transport–related pollutants, the present
application focuses on CO because it is a typical pollutant for intersection–level hot–spot
analysis. Caltrans notes that CALINE4 is currently applied for CO hot–spot analysis in
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project–level air quality studies [40]. Accordingly, the input dataset was organized to
represent the dominant roadway links, receptor locations, selected hourly traffic counts,
emission–factor assumptions, and micro–meteorological conditions recorded during the
field campaign.

The main input parameters used in the CALINE4 simulation are summarized in
Table 6. Since site–specific mixing height measurements were not available during the field
campaign, a representative mixing height of 500 m was assumed for the screening–level
CALINE4 simulation. This value was used only as a screening–level modeling assumption
and should not be interpreted as a measured boundary layer height. This assumption
introduces uncertainty, particularly under stable atmospheric conditions.

Table 6. Input parameters used in the CALINE4 dispersion model.

No. Parameter Value/Unit Source

1 Traffic data 1-h traffic volume (veh h−1) Camera and manual count

2 Weighted emission factor 12.5 g veh−1 mile−1 Calculated in this study

3 Emission factor basis BTS Table 4-43/EPA MOVES4 Literature–based fleet–weighted CO emission
factor using MOVES/BTS–derived values

4 Terrain type Urban Field observation

5 Mixing zone width 30 m Field measurement

6 Roadway geometry Two at-grade links Field layout/coordinate system

7 Receptor points A, B, C, D at 1.2 m Field measurement locations

8 Wind speed m/s On-site field measurement using handheld
digital anemometer

9 Wind direction Compass–based field observation using
meteorological convention

10 Wind direction std. dev. Estimated from repeated directional
observations/reconstructed series

11 Ambient temperature ◦C On-site field measurement using handheld
digital anemometer

12 Mixing height 500 m
Assumed for screening–level simulation;

site–specific data were not available
future studies

13 Dispersion model CALINE4 Gaussian line–source
dispersion model

The CO emission factor was entered in g veh−1 mile−1, which is consistent with road-
way dispersion modeling practice where emission rates are commonly specified in grams
per mile for the corresponding vehicle category, speed, and operating condition [41]. The
final input structure combined direct field observations, study–specific calculations, and
screening–level assumptions. Traffic volume, roadway geometry, receptor coordinates, ter-
rain type, and mixing zone width were obtained from field observation and measurement.
The fleet–weighted CO emission factor was calculated in this study using literature–based
MOVES/BTS–derived emission factors and local adjustment coefficients. Meteorological
variables were obtained from on–site measurements and reconstructed directional statistics,
while the mixing height was assumed for the screening–level modeling framework.
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3. Results
Measured and CALINE4–predicted CO concentrations were compared for two obser-

vation periods, 9:00–10:00 and 15:00–16:00, at the four receptor locations (A–D) established
around the signalized intersection. The base modeling case used a CO emission factor
of EF = 12.5 g veh−1 mile−1, which was derived from the fleet–weighted emission factor
estimation procedure and adjusted to reflect vehicle age and local stop–and–go traffic
conditions. In addition, EF = 11.5 and 13.5 g veh−1 mile−1 were applied as lower and upper
sensitivity scenarios to examine how uncertainty in the emission factor affects the predicted
CO concentrations.

As shown in Table 7, the modeled concentrations generally follow the measured
spatial pattern across the receptor points. Because only four receptor points were used, the
results should be interpreted as local concentration differences among selected pedestrian–
level receptor locations rather than as a complete spatial distribution of CO around the
intersection. Accordingly, the revised analysis focuses on receptor–level measured–versus–
modeled differences rather than spatial interpolation.

Table 7. Measured and CALINE4–predicted CO concentrations/(ppm) under different emission
factor scenarios/(g veh−1 mile−1).

Time Location Measured
CO/(ppm)

CALINE4 CO,
EF = 11.5 veh−1

mile−1/(ppm)

CALINE4 CO,
EF = 12.5 veh−1

mile−1/(ppm)

CALINE4 CO,
EF = 13.5 veh−1

mile−1/(ppm)

9:00–10:00

A 3.6 3.4 3.5 3.5

B 5.1 4.2 4.3 4.5

C 5.4 5.1 5.3 5.5

D 4.2 4.0 4.0 4.1

15:00–16:00

A 2.9 3.3 3.4 3.4

B 3.7 3.7 3.8 3.9

C 4.1 4.4 4.5 4.7

D 3.5 3.8 3.9 4.0

During the morning period, the highest measured CO concentration was recorded at
receptor C (5.4 ppm), and the corresponding base case CALINE4 prediction was 5.3 ppm.
In the afternoon period, the measured CO concentrations were lower, ranging from 2.9 to
4.1 ppm, while the base case predictions ranged from 3.4 to 4.5 ppm. These results indi-
cate that CALINE4 reproduced the overall magnitude of near–road CO concentrations
reasonably well, although some receptor-specific deviations remained.

Figure 5 presents measured-versus-predicted scatter plots for the complete dataset
under three CO emission factor scenarios: EF = 11.5, 12.5, and 13.5 g veh−1 mile−1. Each
panel includes eight paired observations obtained from four receptor locations during the
09:00–10:00 and 15:00–16:00 monitoring periods. The dashed 1:1 reference lines indicate
perfect agreement between the measured and CALINE4-predicted concentrations. These
scatter plots, together with the tabulated concentration values and statistical performance
indicators, provide the basis for evaluating model agreement, receptor-specific deviations,
and sensitivity to the selected emission factor.
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Figure 5. Measured–versus–predicted scatter plots for the complete dataset under three emission–factor
scenarios: (a) sensitivity low case, EF = 11.5 g veh−1 mile−1; (b) base case, EF = 12.5 g veh−1 mile−1;
and (c) sensitivity high case, EF = 13.5 g veh−1 mile−1. The dashed lines represent perfect 1:1 agreement
between measured and predicted CO concentrations. Labels indicate the receptor locations and
monitoring periods.

3.1. Statistical Performance of the Base Case

The statistical performance indicators for the CALINE4 base case (EF = 12.5 g veh−1 mile−1)
are summarized in Table 8. For the base case (EF = 12.5 g veh−1 mile−1), the overall statistical in-
dicators were r2 = 0.759, FB =−0.006, NMSE = 0.010, RMSE = 0.400 ppm, and MAE = 0.325 ppm.
The normalized mean square error (NMSE) was calculated using the air quality model perfor-
mance formulation: NMSE = mean

[
(Cp − Co)2

]
/(mean Cp × mean Co), where Cp and

Co denote predicted and observed CO concentrations, respectively. To avoid ambiguity
in the interpretation of relative error, normalized MAE was additionally calculated as
MAE divided by the mean observed concentration. Thus, NMSE and normalized MAE
were treated as distinct performance indicators. The near-zero FB indicates that CALINE4
produced almost no systematic bias across the full dataset, while the low NMSE suggests
limited normalized scatter between measured and predicted concentrations.

Table 8. Statistical performance indicators for the CALINE4 base case (EF = 12.5 g veh−1 mile−1).

Case Mean
Measured/(ppm)

Mean
CALINE4/(ppm) r2 FB NMSE RMSE/(ppm) MAE/(ppm)

9:00–10:00 4.575 4.275 0.834 0.068 0.009 0.418 0.300

15:00–16:00 3.550 3.900 0.881 −0.094 0.010 0.381 0.350

Overall 4.062 4.088 0.759 −0.006 0.010 0.400 0.325

3.2. Sensitivity Analysis Results

Table 9 summarizes the sensitivity analysis conducted using three CO emission factor
scenarios. As the emission factor increased, the mean predicted CO concentration also
increased, while FB shifted from slight underprediction at 11.5 g veh−1 mile−1 to slight
overprediction at 13.5 g veh−1 mile−1. However, the overall differences among the sce-
narios were small, with RMSE values ranging from 0.400 to 0.406 ppm and MAE values
from 0.325 to 0.338 ppm. The base case, EF = 12.5 g veh−1 mile−1, provided the closest
overall agreement with the observations, producing a mean predicted concentration of
4.088 ppm compared with the measured mean of 4.062 ppm. It also yielded the lowest
RMSE of 0.400 ppm, an MAE of 0.325 ppm, and an FB value close to zero, indicating
minimal systematic bias. These error values correspond to approximately 9.8% and 8.0%
of the mean measured concentration, respectively. Although the lower emission factor
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scenario produced a slightly higher r2, the base case was retained because it provided the
most balanced performance across the evaluation metrics and was derived from the fleet–
weighted and traffic–adjusted emission factor estimation procedure rather than selected
solely on the basis of statistical fit.

Table 9. Sensitivity analysis of CALINE4 prediction performance under different CO emission factors.

Case Mean Measured/
(ppm)

Mean
CALINE4/(ppm) r2 FB NMSE RMSE/(ppm) MAE/(ppm)

EF = 11.5 g veh−1

mile−1 (Sensitivity low)
4.062 3.987 0.772 0.019 0.010 0.406 0.325

EF = 12.5 g veh−1

mile−1 (Base case)
4.062 4.088 0.759 −0.006 0.010 0.400 0.325

EF = 13.5 g veh−1

mile−1 (Sensitivity high)
4.062 4.200 0.771 −0.033 0.009 0.402 0.338

4. Discussion
The results indicate that the MOVES–CALINE4 modeling chain reproduced the gen-

eral magnitude and spatial distribution of near–road CO concentrations at the signalized
intersection. In the base case, the morning period showed strong agreement between
the measured and predicted values (r2 = 0.834, RMSE = 0.418 ppm, MAE = 0.300 ppm),
while the afternoon period also showed a high linear association (r2 = 0.881) with low
absolute errors (RMSE = 0.381 ppm, MAE = 0.350 ppm). The overall statistics (r2 = 0.759,
FB = −0.006, NMSE = 0.010) suggest that the model captured the receptor–to–receptor
variation with minimal systematic bias. The small negative FB indicates a slight overall
overprediction, but its magnitude is sufficiently low to consider the bias negligible for
screening–level interpretation.

The model performance observed in this study is consistent with previous appli-
cations of CALINE4 for near–road CO assessment. Validated CALINE4 for predicting
carbon monoxide concentrations near urban roads and evaluated the model using statis-
tical indicators such as correlation, fractional bias, and NMSE [42]. Similarly, Ellis et al.
reported that CALINE4 can provide useful near–road concentration estimates, although its
performance may be lower than more advanced roadway dispersion models under some
conditions [43]. These findings support the interpretation that CALINE4 is appropriate for
preliminary or screening–level evaluation when input data are limited but traffic, receptor,
and meteorological parameters are carefully defined.

The sensitivity analysis also confirms that the emission factor is an important source of
uncertainty in the modeling chain. Dhyani, R et al [15] showed that CALINE4 predictions
are sensitive to traffic, emission, meteorological, and roadway parameters, including wind
speed, wind direction, emission factor, traffic volume, and roadway width. In the present
study, changing the CO emission factor from 11.5 to 13.5 g veh−1 mile−1 changed the
mean predicted CO concentration from 3.987 to 4.200 ppm, while the RMSE changed only
slightly. This indicates that, within the tested range, the selected emission factor affected
the magnitude of predicted CO but did not substantially alter the overall spatial pattern.

Although the diesel vehicle categories showed relatively low CO emission factors
in the fleet–weighted calculation, this should not be interpreted as evidence that diesel
vehicles have a negligible air quality impact. Diesel engines are typically more relevant
for particulate matter and nitrogen oxides emissions than for CO emissions. Therefore,
the present CO–focused assessment should be complemented in future work by multi–
pollutant modeling, particularly for PM2.5, PM10, and NOx.
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Several limitations should be considered when interpreting the results. First, the line-
source representation simplifies the complex acceleration, deceleration, idling, and queue
formation processes that occur at a signalized intersection. Second, the limited number of
receptor points is an important source of uncertainty. Four receptor locations are insufficient
to characterize the full spatial distribution of CO around the intersection; therefore, the
results should be interpreted only as local pedestrian–level concentration differences.

Third, local wind fields may be affected by surrounding buildings, street geometry, and
short–term turbulence, which are not fully represented by hourly average meteorological
inputs. In addition, site–specific mixing–height data were not available during the field
campaign. Therefore, a representative mixing height was assumed for the screening–level
CALINE4 simulation. This assumption may affect predicted concentrations, particularly
under stable atmospheric conditions or thermal inversion events, which are common in
Ulaanbaatar. Fourth, background CO concentration was not continuously monitored at a
high temporal resolution. Finally, the emission factor was estimated using a literature based,
fleet weighted proxy and local adjustment factors rather than a direct MOVES simulation
using local vehicle operating modes.

As recommended by [44], air quality model performance should therefore be inter-
preted using multiple indicators rather than a single statistic. The present results should
be regarded as a reasonable screeninglevel CO hot–spot assessment, which is consistent
with Caltrans’ guidance identifying CALINE4 as applicable for project–level CO hot–
spot analysis.

5. Conclusions
The statistical evaluation demonstrates that the CALINE4 base case with EF = 12.5 g

veh−1 mile−1 provides a reasonable screening–level estimate of CO concentration at the
signalized intersection. The overall performance indicators (r2 = 0.759, FB = −0.006,
NMSE = 0.010, RMSE = 0.400 ppm, and MAE = 0.325 ppm) indicate good spatial agree-
ment, low normalized scatter, and negligible systematic bias. The model reproduced both
morning and afternoon concentration patterns with relatively small errors, suggesting
that the MOVES–CALINE4 modeling chain can be used as a practical preliminary tool for
assessing traffic–related CO hot spots at congested urban intersections in Ulaanbaatar.

The sensitivity analysis showed that emission–factor uncertainty affects the magnitude
of predicted CO concentrations, but the tested range did not substantially change the overall
model performance. Nevertheless, the reliability of future assessments can be improved by
running MOVES directly with local vehicle age distribution, fuel composition, link–specific
speed, operating mode distribution, and queue–delay data. Future studies should include
a denser receptor network around the intersection to support more reliable spatial analysis.
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