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INTRODUCTION

The rapid global development of urbanization has significantly complicated traffic flow
management, which serves to reduce congestion, traffic accidents, and the health effects of
traffic-related pollution. Increasing the traffic capacity of the road network (RN) with high-
density traffic flows (TF) is one of the main priorities for road traffic organization in large cities.
The most effective solution to this problem is to introduce traffic signal synchronization at
intersections (Saha et al., 2019; Glushkov and Shepelev, 2021; Gorodokin et al., 2020; Patel et al.,
2015). The development and widespread use of artificial intelligence methods, fuzzy logic, and
computer vision has made it possible to obtain real-time data on the parameters of the TF (speed,
types of vehicles, and their number) (Dai et al., 2020; Gu et al., 2020; Shen et al., 2020; Shepelev
etal., 2020; Glushkov et al., 2021; Shepelev et al., 2021; Wang et al., 2022; Zhou et al., 2021). Models
to control traffic at intersections are being developed based on empirical data to minimize delays
and, as a result, to reduce harmful traffic-related emissions and save fuel consumption (Araghi
etal., 2015; Biswas et al., 2018; Jeon et al., 2018; Ren et al., 2021). The development of such models
is complicated because each intersection is geometrically unique (Karnati et al., 2022), and the
traffic capacity also depends on weather conditions, which can change rapidly and randomly
(Agbolosu-Amison et al., 2004; Zhao et al., 2015). We should take into account the presence or
absence of a vehicle queue and its structure at regulated intersections (Chen et al., 2014), since
traffic capacity differs significantly based on whether vehicles are passing through an intersection
freely or in a uniformly-accelerated manner.

The purpose of our research is to develop the foundations for constructing a system for the
dynamic monitoring of the traffic capacity of an urban transport network. The system should form
a real-time map of traffic flow intensity and contribute to the formation of management decisions
to prevent peak traffic loads based on estimates of the maximum traffic capacity of network
junctions.

The first step in achieving these goals is to construct a mathematical model to assess
the maximum capacity of the most typical traffic lanes at regulated urban
intersections—through traffic lanes. Based on this model, we can construct a complete
model of traffic capacity for the entire intersection. Moreover, these models will allow us to
estimate the peak values of traffic-related emissions, which is a crucial task of municipal
government (Shepelev et al., 2022).

The methodology of our research consists of several stages: selecting determinant variables and
initial data collection; mathematical modeling of traffic lane capacity at regulated intersections;
predictive estimates of traffic capacity using fuzzy logic; using the resulting models to estimate the
peak values of emissions at intersections.
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SELECTION OF VARIABLES AND INITIAL
DATA COLLECTION

We collected data for our study at several large urban
intersections in Chelyabinsk (Russia) (Author Anonymous,
2022). Initially, we selected through lanes at several large
intersections for observation. We recorded both the geometric
parameters of the lanes themselves and the structure of the
intersections as a whole. At intersections, vehicles pass
through at a constant speed or accelerate after a complete stop
at the stop line. Therefore, to construct an adequate model of the
traffic lane capacity at regulated intersections, both the geometry
of the intersection itself and the nature of the traffic at the
intersection should be taken into account as input data.

Twenty-four lanes were selected from ten major urban
intersections, including those with tram tracks. Data were
collected on passenger vehicles; ten measurements were taken
for vehicles passing through an intersection and ten for
uniformly-acceleration after stopping at the traffic light. A
total of 480 measurements were taken for several initial
variables characterizing the dynamics of passing through an
intersection.

To form the database, we selected a set of initial variables
obtained from the video stream and acting as primary variables in
the research, as well several secondary calculated variables
characterizing two types of traffic at a regulated intersection:

e L, —distance from the stop line to the exit from the
intersection (m);

e t,—travel time through the intersection (from stop line to
the exit of the intersection) without stopping (s);

e f,q—travel time through the intersection for vehicles
accelerating after a complete stop (s);

e V,,—vehicle speed from the stop line to the exit from the
intersection (km/h);

o A,i—vehicle acceleration from the stop line to the exit from
the intersection after a complete stop (m/s®);

e §;—saturation flow of the ith lane during the jth regulation
phase (equivalent units/h);

e C;—traffic capacity of the ith lane during the jth regulation
phase (equivalent units/h).

Notably, the estimated lane capacity at a regulated intersection
is determined by the formula (Highway Capacity Manual, 2022):

— S‘J .gej

1
where C;; is the capacity of the lane i during the regulation phase
Jj> equivalent units/h; S;; is the saturation flow of the lane i during
the regulation phase j, equivalent units/h; g; is the effective
duration of the regulation phase j, s; C is the duration of the
regulation cycle, s.

Sij:SO'N'fw'va'fG'fp'fBB‘fA'fRT'fLT )

where Sy is the ideal saturation flow taken equal to 1,800
(equivalent units/h); N is the number of traffic lanes; fy is the

Monitoring the Traffic Capacity of Intersections

coefficient accounting for the width of the traffic lane; fiy is the
coefficient accounting for commercial vehicles; fg is the
coefficient accounting for gradients; fp is the coefficient
accounting for parking; fgp is the coefficient accounting for
the interference created by buses; f, is the coefficient
accounting for the area type; frr is the coefficient accounting
for right turns (i.e. interference created by passengers); fyr is the
coefficient accounting for left turns.

To calculate S;; and Cj;, we also investigated the structure and
geometry of both the intersections and the individual analyzed
traffic lanes using the presented formulas. After collecting and
processing the initial data and calculating the secondary variables,
we formed an initial data array, including data for seven variables
for 24 traffic lanes at urban intersections.

The proposed list of initial variables represents an integrated
approach to assessing the capacity of traffic lanes. It includes both
assessment parameters (S, C;;) based only on the structure of the
intersection ignoring the actual nature of the traffic flow
movement, as well as the parameters characterizing free
passing through the intersection (L, £, Vi) and uniformly-
accelerated passing after a complete stop at the stop line (L, tos>
Aye). This set of initial data will allow us to construct the
most reliable model of traffic lane capacity at a regulated
intersection.

CONSTRUCTION OF A MATHEMATICAL
MODEL

We used statistical methods to process and analyze data obtained
from stationary street cameras monitoring traffic at urban
intersections. These methods characterize the quantitative
regularities of TF in close connection with their qualitative
content. We completed a multiple regression analysis and
verified the statistical significance of the obtained results and
correlation analysis. The initial data were processed using the
SPSS (Statistical Package for Social Sciences) software.

Multiple regression analysis selects the variables from the
initial set with the most significant impact on the traffic
capacity of intersections during traffic congestion. In addition,
it ranks the selected variables according to their degree of impact
on the traffic capacity of intersections and quantifies the degree of
this impact. The multiple regression built as a result of our
analysis also predicts the capacity of traffic lanes in terms of
specific values of their initial parameters, which is essential for the
practical application of traffic models.

The dependent variable is the maximum number of passing
vehicles (Highway Capacity Manual, 2022) since this variable is a
criterion of the traffic lane capacity. The remaining initial
variables are taken as independent. The “multiple linear
regression analysis” option was selected for our analysis in the
SPSS statistical software suite.

The mathematical model is presented as a regression equation
relating the traffic capacity C; to the initial variables:

Cij:k0+k1'Lpr+k2'tsv+k3‘tost+k4'st+k5'Aust+k6'Sij
(©)
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for which the numerical values of the coefficients k; are
determined but have no statistical meaning. The values of
these coefficients will be necessary to obtain forecasts of the
ca-pacity of new traffic lanes. The standardized coefficients k;
stand of model (3) showing their relative weight of impact on the
dependent variable Cj; have a useful information load. As
expected, the saturation flow of the traffic lane S;; (Ksstana =
0.788) and the time of free passing through an intersection £,
(K2stana = 0.466) have the greatest impact on the traffic capacity.
Other standardized coefficients of the model have significantly
lower numerical values, so we can consider their impact as
secondary.

To confirm our findings, we also carried out a correlation
analysis, which showed similar results. We calculated the Pearson
parametric correlation coefficients r,,, and their corresponding levels
of statistical significance a;, which should not exceed 5% to confirm a
statistically significant correlation. The calculations both confirmed
the findings of the regression analysis and presented a more detailed
picture of the impact of the initial variables. Thus, only two
variables—V, (g = 26.3%) and A,y (a5 = 9.3%)—have a
statistically insignificant impact on the traffic capacity with weak
correlation coefficients. The strongest impact on the traffic capacity
C;j was exerted by the variable S (ry, = 0.819), while the impact
strength of the other initial variables is average: for L, and
ty, = —0.513; for t,, and r,, = ~0.452; for t,q and r,, = —0.498.

The statistical significance of the obtained regression model
(as calculated by the Fisher criterion) is 0.00%, which is again
significantly less than the limiting level of 5%. This indicates that
model (3) has a high level of statistical significance.

The quality of the regression model is determined by the
following series of calculated values. The multiple correlation
coefficient R reflects the relationship of the dependent variable C;;
with a set of independent variables. The numerical value of R is
0.862, which is considered a strong correlation. The multiple
determination coefficient R Square is 0.742. This means that the
linear regression explains 74.2% of the data variance, which is a
good result, as it exceeds the generally accepted minimum level of
70%. Durbin-Watson statistic d is 2.079, which is between two
critical values 1.5 < d < 2.5. This means that there is no first-order
linear autocorrelation in the initial multiple linear regression data
and reflects the good quality of multiple regression model (3).

Notably, the constructed model allows us to predict the
dependent variable Cj. For example, after examining the
parameters of many new traffic lanes (to expand the traffic flow
monitoring network map), we can use the model (3) to estimate the
peak value of the maximum traffic capacity of new intersections as
junctions of this RN. This will also require empirical measurements
of the average characteristics of traffic flows.

FUZZY LOGIC METHOD

The constructed multiple model for calculating traffic lane
capacity does not take into account a host of unpredictable
random factors, such as a rapid changes due to weather
conditions, damaged sections of the road, etc. In this case, it is
advisable to use situation prediction methods based on fuzzy logic
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algorithms, which integrally take into account the impact of many
unpredictable factors. Accounting for the impact of such random
factors separately is difficult due to the complicated collection of
initial data needed to analyze their impact.

This method uses E. Mamdani’s algorithm based on fuzzy logical
inference, which avoids an excessively large number of calculations.
Notably, the validation of a knowledge-based fuzzy system requires
careful testing since fuzzy systems are incapable of machine learning
and pattern recognition such as a neural network. Accordingly, in
this practical study, which is the initial stage of assessing the traffic
capacity at intersections in the conditions of several uncertainties, we
do not obtain insight on the solution of several basic questions
concerning consistency in the complete system of rules or the type of
fuzzy membership functions. We instead aimed to obtain
preliminary forecasts of the output variable in the field of our
estimates based on the practical studies of traffic flows.

As noted previously, the actual traffic capacity is taken as the
dependent variable Cj. In our data, this variable ranged from
250 to 1,050 design vehicles per hour. The multiple regression
analysis has shown that the dependent variable is most affected by
the independent variable S;; (the saturation flow), which ranges
from 1,500 to 1850 vehicles per hour. As already noted, in
contrast to theoretical assessments, the actual traffic situation
is characterized by the initial parameters of the vehicles crossing
an intersection and the geometry of the intersection itself.
Therefore, to make forecasts that are closest to the actual
situation, we single out two more independent variables:
t,—travel time through an intersection without stopping at
the stop line (varies from 1.9 to 7.1s) and L,,—the length of
the intersection (varies from 30 to 57 m).

The selected variables allow us to construct a model based on
the fuzzy mathematical method and the fuzzyTECH software to
predict the dependent variable C;; depending on the values of the
independent variables Ly, £, S;;. We assume there are three levels
of membership functions in predictive modeling (low, medium,
high) for the dependent and three independent variables. The
distribution of the values of all the variables should be determined
by the normal law rather than the linear law, which best
corresponds to the real traffic processes, since the Gaussian
fuzzification is most consistent with the consideration of the
problem in the stochastic version. The parameters of the Gaussian
terms of the three levels of the membership functions are also
determined according to our estimates based on the practical
work with observation camera data.

The relationship between the dependent and independent
variables was established using the program Spreadsheet to
edit rules (the matching rules unit contains 27 entries for
three levels of all variables); a fuzzy logical model was
developed to predict the values of the dependent variable.

Experimental studies of the constructed model can predict the
output variable based on the actual values of the input variables
and create a graphic representation of the distribution field of
their mutual impact in the form of volumetric surfaces. Figure 1
shows the dynamics of the traffic lane capacity with a varying
saturation flow of 0% (minimum); 50% (average); 100%
(maximum values) within its actual variation range (from
1,500 to 1,850 design vehicles per hour).
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FIGURE 1 | The dynamics of the distribution field for the traffic lane capacity (A) S; = 0%; (B) S; = 50%; (C) S; = 100%.
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The modeling results clearly demonstrate the nature of the
impact of the geometry of the intersection L,, and the travel time
through the intersection £, (horizontal axes) on the traffic
capacity, as well as the determining nature of the impact of
the saturation flow S;; of the traffic lane at the intersection. This
research can serve as a good foundation for making grounded
decisions on the redistribution of loads on the urban transport
network and motivate to change the geometry of intersections.

DISCUSSION

This paper discusses the construction of an urban monitoring
system capable of real-time tracking of TF and calculating traffic-
related emissions. To this end, we investigated several traffic lanes
of regulated intersections both in terms of their geometry and the
nature of vehicle movement. Based on the results of a regression
analysis of our initial data, we constructed a statistically-reliable
model of traffic lane capacity, which will further allow us to
evaluate the strong and weak sections of urban road networks.
Fuzzy logic methods were used to predict the traffic lane capacity
depending on the variations in the geometry of the intersection
and the nature of the vehicle movement. This research is essential
for constructing a unified urban RN to monitor TF and can serve
as a basis for the redistribution of TF during peak loads.

CONCLUSION

To construct the most adequate model of the traffic lane capacity
at regulated intersections, we proposed an integrated approach
that accounts for the structure of the intersection and the nature
of traffic flow movement. The traffic flow movement is divided
into two types—passing through at a constant speed or
accelerating after a complete stop at the stop line.

The initial database was formed by processing video records
from stationary street video surveillance cameras for 24 traffic

lanes at regulated intersections. After processing the initial data,
we obtained a statistically-reliable multiple regression model
allowing us to estimate the traffic capacity. The correlation
analysis confirmed the general trends in the determining
impacts of the initial variables on the traffic capacity.

To complete our study, we presented a general forecast for
assessing the traffic lane capacity at regulated intersections using
fuzzy logic methods. The modeling results clearly showed the
nature of the impact of both the geometry of the intersection and
the travel time of vehicles and the determining nature of the
impact of the saturation flow size for traffic lanes at the
intersection on the traffic capacity.

The base of estimates of the maximum traffic capacity at urban
transport network junctions based on the obtained mathematical
model will contribute to management decision-making to
prevent peak traffic loads.

Further studies are focused on all traffic lanes (including turn
lanes) at a regulated intersection to estimate the traffic capacity
for the entire intersection. We also plan to participate in the
construction of a system for the dynamic monitoring of the traffic
capacity of the urban transport network.
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