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Abstract: While macroscopic traffic flow models adopt a fluid dynamic description of traffic, mi-
croscopic traffic flow models describe the dynamics of individual vehicles. Capturing macroscopic
traffic phenomena accurately remains a challenge for microscopic models, especially in complex
road sections. Based on a macroscopic network flow model calibrated to real traffic data and new
rules for the acceleration and merging behavior on the on-ramp, we propose a microscopic model for
on-ramps. To evaluate the performance of the new flow-based model, we conduct traffic simulations
assessing speeds, accelerations, lane change positions, and risky behavior. Our results show that,
although the proposed model exhibits some limitations, its performance is superior to the Intelligent
Driver Model in the evaluated aspects. While the Intelligent Driver Model simulations are almost
free of conflicts, the proposed model evokes a realistic amount and severity of conflicts and therefore
can be considered for safety analysis.

Keywords: traffic flow theory; macroscopic traffic models; car-following models; on-ramps; trajectory
data; traffic simulation; SUMO

1. Introduction

Traffic flow models have a wide variety of applications such as transportation planning,
traffic management, and road safety analysis; see, e.g., [1-3]. Depending on the application,
traffic flow can be modeled at the macroscopic and the microscopic scale. Macroscopic
models depict aggregated quantities, including traffic flow, traffic density, and mean speed.
A description in terms of a scalar conservation law for the vehicle density combined
with a concave velocity function (fundamental diagram) has been introduced in the 1950s
in seminal works [4—6]. Since then, various model refinements have been considered.
A prominent one, which extends the single equation approach using another conservation
law allowing for more general velocity profiles is the second-order model by [4,7]. These
refined models are capable of accurately capturing traffic dynamics on highway sections,
as verified in various studies with real world data; see, e.g., [8-10]. Network modeling to
account for complex geometries such as junctions has also been of mathematical interest in
the last decades; see, e.g., [11,12]. Various efficient numerical schemes for such networked
systems have recently been developed [13,14]. However, only a few studies have considered
the data validation of these network models. Only recently, a macroscopic model for on-
ramps based on real data collected on a German highway section in road work zones has
been proposed in [15].

Microscopic models, on the other hand, describe the behavior of individual vehicles [16-18].
While macroscopic models predict the traffic flow in a large road network more efficiently,
microscopic models are required for studying traffic flow in detail in specific traffic scenarios
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involving, for example, complex geometries [19-21]. In these models, the dynamics are
typically divided into a longitudinal component, which is described by a car-following
model, and a lateral component, which is described by a lane change model. Lateral
movements within the lane are usually neglected. There have been numerous car-following
models with different underlying concepts proposed in the literature. The Optimal Velocity
Model [16] states that drivers aim for an optimal velocity depending on the distance to
the leading vehicle. The Full Velocity Difference Model (FVDM) [17] additionally includes
speed differences between leading and following vehicles. The Intelligent Driver Model
(IDM) [18] distinguishes three driving situations (accelerating, following with constant
time headway, and decelerating) and smooth transitions between them. Despite being
introduced more than 20 years ago, the IDM is still widely used and performs better than
other car-following models in practice [22].

Both the macroscopic and the microscopic modeling approach have their limitations.
Macroscopic models make simplifying assumptions; for example, they neglect variability
with respect to acceleration [23,24]. Microscopic models describe the dynamics of vehicles
in individual detail, but they do not necessarily reproduce empirical macroscopic traffic
patterns such as the capacity drop [25]. Under simplifying assumptions, macroscopic traffic
models can be derived as an infinite (vehicle) limit of microscopic models; see, e.g., [26].
Consistency of the FVDM model to a macroscopic model in two space dimensions has
been mathematically shown and empirically verified [27,28]. A promising approach to
combine the advantages of models of both scales is to infer information from macroscopic
models into the microscopic models by converting traffic flow into time headways and
traffic density into spacings.

The validation of traffic models is usually considered on the macroscopic level and
addresses questions such as the following: does the model produce the traffic flow and
density expected from real data? Moreover, it is necessary that microscopic models describe
driver behavior on the microscopic scale accurately. Different metrics are required to
account for the different scales of the models.

To use traffic flow models for road safety analysis, the models must be able to predict
the number of accidents or conflicts on a given road section or network [2,29]. While some
microscopic models consider driver conflicts, they are mostly built to be accident free,
which means vehicles will behave such that accidents cannot happen while simulating
traffic [30]. Risky behavior can be captured with so-called surrogate safety measures (SSMs),
which quantify the risk of a collision between two interacting vehicles [31] that is possibly
averaged over time or space [32]. If vehicles interact, the closer they are to a collision, the
less time they have to react. Therefore, more extreme maneuvers are required to avoid a
crash. The spatial distribution and severity of these risky interactions can be useful criteria
to evaluate the model performance in terms of safety [33]. A model that resembles real
traffic in terms of safety makes it possible to evaluate different road designs in the planning
phase, which contributes to safer road infrastructure.

In this paper, we derive a new microscopic car-following model for on-ramps based
on the macroscopic model proposed in [15], and we discuss the additional requirements on
the microscopic scale. Compared to established microscopic lane merging models based on
simple rules, the developed approach allows us to better calibrate the model behavior at
the junction of available data. Thus, we aim to combine the advantages of the macroscopic
and the microscopic scale to obtain a more accurate representation of traffic at on-ramps in
terms of traffic flow and safety. Furthermore, we validate the proposed model using real
trajectory data in terms of speeds, accelerations, the distribution of lane changes, and the
severity of interactions. The predictions are compared with the IDM in combination with a
standard lane change model. Figure 1 gives an overview of the modeling, validation, and
simulation technique considered in this work.

The rest of this paper is organized as follows: In the Methods section, we first describe
our data, the data-driven macroscopic junction modeling approach, and our new approach
transferring these principles to microscopic models. We then give details on the implemen-
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tation and the metrics we use for the model evaluation in the same section. In the Results
and Discussion sections, we compare real traffic data at an on-ramp to simulation results
obtained by an established microscopic model and our new flow-based approach.

Model Development and Calibration Traffic Simulation

Observed Vehicle Macroscopic Densities & Simulated Vehicle
Trajectories Velocities at Junction Trajectories
Macroscopic Junction
Model
Microscopic On-Ramp
Model

Velocities & Accelerations
Model Validation MTTC

Figure 1. Flow chart connecting the modeling, validation, and simulation techniques used in this work.

2. Methods
2.1. Trajectory Data

For the analysis, we used real vehicle trajectories recorded by drone photography
from the German freeway A565 near the interchange Bonn-Beuel in May 2019; see Figure 2
(top) [34]. Vehicle types and trajectories were obtained using image processing, after
which the raw data points were interpolated using third-order polynomials. A stretch
of approximately 270 m covering (including the entry lane) 4 unidirectional lanes was
recorded. A total of 31 datasets were obtained from recordings over 4 days that took place
either in the morning or in the afternoon, each one covering the traffic over periods of
approximately 5 min. The number of entering vehicles varied with the time of day; on
average, 44 vehicles passed the junction per minute throughout the data collection period.
The macroscopic model was trained using the datasets 1, 4, 10, 11, 16, 19, 20, and 30. For
the calibration of the new model, we used datasets 1-3, whereas for the comparison study,
we used datasets 4-7. The latter groups were recorded at similar hours of the day with
similar heavy vehicle percentage; see also Table A1 (Appendix A).

[1Segment 1
Segment 2
|1 Segment 3

Figure 2. Snapshot of the freeway A565 from a drone photograph (top) and our SUMO
model (bottom). The on-ramp is situated on the topmost lane with travel direction from right
to left. The segmentation of the on-ramp is indicated.
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2.2. Data-Driven Macroscopic Junction Model

The macroscopic model we consider builds on the approach in [15]. Therein, a junction
model has been introduced that relies on vehicle trajectory data. We describe the main
idea of the model in this section, and we refer to [15] for a more detailed description. The
model captures the scenario of an on-ramp on a motorway, which can be classified into
the following three segments: (1) the entry lane allowing vehicles to enter the motorway,
(2) the stretch of motorway before vehicles from the entry lane can enter, and (3) the
stretch of motorway at which vehicles from the on-ramp enter or have entered the freeway.
Segments 2 and 3 amount to a short stretch, at which no further on-ramps or exits are
located, corresponding to the previously described dataset in which these segments have a
total length of approximately 300 m. The segments are shown in Figure 2 (bottom).

In the macroscopic model description, no distinction between the individual lanes within
the segments is made (the on-ramp consists of a single lane, while both segments 2 and 3 cover
three lanes). At each segment, the traffic is governed by the Lighthill-Whitham—Richards
(LWR) model

P+ (pvs(p))x =0, (1)
which describes the time and space dependent traffic density by means of a partial differen-
tial equation [5]. In our application, only a single space variable was considered. From the
trajectory data, vehicle numbers were counted in fixed control volumes, and their average
velocities were computed, which allowed us to fit the parameters v}, and p5,,, of the
Greenshields fundamental diagram

N @
Pmax

for each of the three segments, i.e., for s = 1,2,3. As both the LWR model and the
Greenshields fundamental diagram have been found to be limited in fitting time-and-space-
dependent vehicle densities on motorways, we emphasize that in our overall framework,
they were not used to predict the tempo-spatial behavior of all vehicles but to derive further
information on the interaction between vehicles on different segments of the on-ramp. The
model assumes that the three segments meet, and therefore, the traffic densities couple at a
single fixed spatial point. The coupling is modeled by means of a Riemann solver

RS : (pg, p3, 03) — (Q8, Q5 Q3) (3)

that maps densities adjacent to the junction to coupling fluxes that govern the behavior
at the junction. In numerical simulations, the Riemann solver is applied to trace data at a
given time t in order to compute boundary fluxes at the time t + At. A plethora of such
coupling models has been evaluated; for simplicity, we focus in this work on the flow
maximization approach [35], which maximizes the flux at the junction while assuring that
both Kirchhoff conditions, as well as the demand and supply conditions [36], which depend
on the fundamental diagrams corresponding to the three segments, hold. These condi-
tions ensure mass conservation at the junction. The coupling model includes additional
parameters that have been estimated using the traffic data and numerical simulations. The
latter has been conducted using an adapted Lax—Friedrichs scheme. As the model has been
originally calibrated to the same on-ramp data that are considered in this work, it was used
here with all estimated parameters as the basis for a novel microscopic ramp model.

2.3. Transformation to Microscopic Model

We consider a car-following model that determines the vehicle accelerations, which
we denote as a4, based on the longitudinal positions (x), velocities (v), and vehicle lengths
(L) of a vehicle pair (leader with index L and follower with index F on the same lane), i.e.,

ap = f(xr,xp, 01,0, L1, LF), (4)

where the function f is specified below. A car-following model combines Equation (4)
with the kinematic relationships ar = vr and vr = xF, giving rise to a system of ordinary
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differential equations (ODEs) [37]. After discretizing these relations in time, the model is
stated using the ballistic update formulas for speed and position of a follower; see, e.g., [38]:

vp(t+ At) = vp(t) +ap(t)At, (5)
Xe(t-+ A1) = x(t) + S (0p(E) + or (¢ 4 AF)). ©)

In the following, we include information from the macroscopic model in the car-following
model (5). Therefore, we note the following relations: the flow is the inverse of the mean
(gross) time headway (Q = 1/T) at a specific location, i.e., the difference between the times
when two subsequent vehicles reach a fixed reference point. The density is the inverse of
the mean (gross) spacing (0 = 1/5) at a specific time, and the spacing S here refers to the
difference between the positions of two subsequent vehicles. The macroscopic fundamental
equation of traffic flow (Q = vp) thus takes the following form:
S

U= T (7)
Equation (7) holds for the mean speed, spacing, and time headway, as well as for the speed,
spacing, and time headway of individual vehicles. We use the equation to model the speed
of microscopic vehicles within a predefined stretch of road at the time ¢ 4 At from the
spacing and the flow at time t, as predicted by the macroscopic model:

ou(t) = 50 Q1) = () —xe() — 57 ) Q1) ®

Here, L1, and Lr denote the lengths of the leading and the following vehicles, respectively.
The flow is obtained using (3). As a macroscopic quantity, the flow is the same for all
vehicles at the considered stretch of road, but the spacing may be different depending
on the traffic conditions at time t. Taking into account Equation (7), the speed of the
vehicles on the stretch may differ. The flow Q(#) in (8) is obtained from the macroscopic
coupling model (3) using densities computed from the current vehicle positions on the
on-ramp as input.

To avoid sudden speed changes, we model the acceleration using the Full Velocity
Difference Model (FVDM) by [17] using the formula

ap(t) = Or(t) — vp(t)

T
The first term accounts for vehicle acceleration proportional to the difference between its
current speed and the target speed. The second term introduces a reduction proportional
to the speed difference between leader and follower to avoid collisions if the leader is
very slow. In Equation (9), the adaptation time that determines the sensitivity to speed
differences between the current and the modeled speed is denoted by 7, and the sensitivity
to speed differences between leader and follower is denoted by A. Note that we only adopt
the principle of the FVDM, but we employ the speed ¢r from the macroscopic model.
Unlike the macroscopic model, the microscopic car-following model allows for different
accelerations for each vehicle.

For segments 2 and 3 (see Figure 2 bottom), where vehicles mainly follow the leader
on the same lane, this model can be directly applied. For the on-ramp (segment 1), however,
there are two additional phenomena that require modifications: (1) vehicles on the entry
lane adapt their speed and spacing to the vehicles on the adjacent through lane, and
(2) vehicles on the through lane may reduce their speed and increase the gap when a
vehicle on the on-ramp wants to merge. These effects are not considered in the macroscopic
model, and they are therefore not included in the microscopic model presented so far.
We model these two phenomena microscopically by virtually combining the entry lane and
the adjacent through lane to a single lane. This means the leader is the closest vehicle in
front on either lane, and the flow is the sum of the flows on these two lanes. At the end of

— Avp(t) —oL(h)). ©)
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the entry lane, the assumption that both lanes can be combined is justified, because vehicles
on the entry lane merge to the through lane and therefore need to adapt their behavior to
the vehicles on the through lane. At the start of the entry lane, however, vehicles are still
allowed to overtake and to maintain small gaps with respect to vehicles on the adjacent
lane. We model this behavior using an adaptation time that decreases as the vehicles are
passing the on-ramp using the formula

T = XE— XF (10)

or

with xg denoting the position of the end of the entry lane.

2.4. Model Implementation

We used SUMO to simulate the previously recorded traffic on an on-ramp in Germany
(see Figure 2). SUMO is an extendable open-source traffic simulation software [39]. The road
network was modeled using input data from OpenStreetMap. As a result, the simulated
road has the same course, and the entry lane has the same length as in the real traffic
scenario. The width of the lanes was consistently 3.0 m, and only the leftmost lane was 2.6 m
wide. The microscopic model was implemented using SUMO’s traffic control interface
(TraCI). For the evaluation of the proposed flow-based model’s performance, we also
simulated traffic using the IDM [18] as the car-following model combined with Erdmann’s
model [40], which is the default lane change model in SUMO. For both the IDM and
Erdmann’s lane change model, we used the default model parameters of SUMO. The traffic
demand was taken from a 15 min excerpt of the vehicle trajectory dataset of the real road
section [34]. For both the microscopic flow-based model and IDM, we used four vehicle
types: Passenger cars, vans, trucks, and buses. Our flow-based model employed vehicle
positions and velocities that were extracted from SUMO at every time step (0.1 s). From
the positions of the vehicles, the densities were computed as a moving average over 15 s.
The densities are the input for (3), which yields the flows. The flows were then used to
compute the speeds for all individual vehicles according to (8). The speeds predicted by
the models were afterwards fed back into SUMO to adapt the speeds of the vehicles in
segments 1 to 3. Outside of these segments (in front of and behind the on-ramp), vehicles
behaved according to the IDM.

Although we modeled the driving behavior at on-ramps, our model does not explicitly
contain lane changes. Instead, the car-following model implicitly ensures that lane changes
are possible by letting the vehicles on the entry lane adapt to the vehicles on the right
through lane and vice versa. The lane changes are triggered by SUMO's default lane change
model [40], which ensures that lane changes are only conducted when there is a sufficient
gap on the target lane. In the case of mandatory (also called strategic) lane changes, the
model takes into account the speed, the remaining distance to the end of the lane, and the
density on the current and target lane to determine when the lane change is executed. If
the time until the merging vehicles reach the end of the on-ramp is smaller than the lane
change duration (4 s), then the merging vehicles are forced to start a lane change using
TraCl. This approach was used for both our model and the IDM, which allowed us to only
evaluate the car-following properties of the two models.

Microscopic traffic flow models can be calibrated on both the microscopic and the
macroscopic scale. While microscopic calibration is potentially more accurate, macroscopic
calibration is more robust and does not require detailed trajectory data. Therefore, we used
macroscopic calibration in this study. The model parameters of the macroscopic model
have been calibrated in a previous study [15]. The value of parameter A in the FVDM was
adopted from the literature [41] (A = 0.3). For the comparison scenario with the IDM, the
default parameter values in SUMO were used.
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2.5. Model Evaluation

For the model evaluation, we prepared the simulated traffic data in the same structure
as the real traffic data. The simulation results contain information about each vehicles’
category, size, location, speed, and acceleration, with the latter three being recorded every
0.2 s. The location information is given in SUMO’s global coordinate system.

When vehicles on the main lane approach the on-ramp, they might adjust their be-
havior for a smoother flow, extending the available gap to help vehicles to merge onto the
motorway. Therefore, we looked at the speed and acceleration profiles, the lane changes,
and the risky interactions in the different scenarios to validate the performance of the
microscopic model in reproducing the real traffic data and in comparison to the IDM. The
location of the lane changes and the changes in speed and acceleration along road sections
can indicate how well a traffic model simulates traffic on the microscopic level. For an
insight, we created 5 m long sections on each lane to calculate the average local speed
and average local acceleration values. Similarly, we created 20 m long sections where we
counted the number of lane changes.

On motorways, vehicles are mostly involved in rear-end conflict. In those cases, the
application of surrogate safety measures to evaluate an interaction seems straightforward:
There is a leader and a follower vehicle involved travelling behind each other in this explicit
order. However, while changing lanes, often it is ambiguous which vehicle will take the
‘leading’ role. The determination of vehicle order or even the prediction of involvement
of vehicles on the target lane becomes even more difficult when acceleration behavior is
considered. Usually, vehicles accelerate on entry lanes and decelerate on main lanes for
smoother merge. To overcome the complexity of vehicle pair prediction in lane-changing
situations, we defined vehicle pairs from the moment the position of the changing vehicle’s
left or right corner (assuming a rectangularly shaped vehicle) crossed the lane marking,
even though its center point was still on the original lane. This predicts the gap in which
the changing vehicle is most likely going to merge.

We used modified Time-to-Collision to evaluate vehicle interactions from the safety
point of view. Time-to-Collision (TTC) is one of the most widely used surrogate safety
measure, which calculates the nearness to a collision in seconds based on the actual speed
and initial net distance of following vehicles, supposing that none of the vehicles would
change their course [42]. The modified version of TTC, MTTC, was developed in [43] and
additionally takes into account the initial acceleration behavior of both interacting vehicles,
leading to a more realistic estimation. MTTC is defined as the smallest real and positive t
such that L, +Lp

1 2 1 2
—art* +opt+xp = E[/lpf + vpt + xp — >

2
holds or as infinity if no such t exists.

We calculated MTTC between vehicle pairs in car-following and lane-changing situa-
tions as described above every 0.2 s. After determining the gap a lane-changing vehicle
would merge into, we calculated the collision point based on the current collision angle [44].
To see the development of risky interactions along the road, we calculated the average
MTTC under 3 s with respect to the predefined 20 m long sections. Therefore, we assigned
a leader—follower pair to the road section corresponding to the current position of the
follower and took the minimal MTTC of that pair during the time the follower drove in
that section. Then, for each road segment, the average over these values if under or equal
to 3 s was computed.

(11)

3. Results and Discussion

To evaluate the proposed model, we compared real traffic data on the on-ramp (see
Trajectory data) to simulations conducted with the new flow-based model, as well as
simulations conducted with the IDM; see Model Implementation. Our analyses focused
on the spatial variations of traffic dynamics and therefore considered temporal averages
of key quantities with respect to the position on the on-ramp setting. To achieve this, we
divided the road longitudinally into 5 m long sections.
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First, we analyzed the (longitudinal) velocities along the on-ramp. Figure 3 (left) shows
that due to limited accuracy of the calibration, both models overestimated the velocities of
real traffic. The models, however, accurately represented the fact that the velocities on the
on-ramp lane are smaller than on the through lanes. Comparing both models, we found
that the variance in velocity between the lanes, which in the data ranged from 52.65 km/h
on the entry lane to 72.02 km/h on the second passing lane, was better represented by the
new model predicting a range from 64.28 km/h to 82.66 km/h. Unlike the IDM, it assumed
that the largest difference in average velocity was between the on-ramp and the main lane
(from 64.28 km/h to 77.54 km/h), while in the data, only a minor difference (52.65 km/h
to 56.40 km/h) was observed. The largest difference in average velocities in the data was
observed between the main lane and the first passing lane (from 56.40 km /h to 67.05 km/h),
which was also the case in the simulations by the IDM, predicting a jump from 73.25 km/h
to 81.36 km/h. These different model results might occur because the new model does not
explicitly include differences between the through lanes. In reality, these speed differences
occur not only due to the on-ramp, but they also occur due to different desired speeds of
the individual vehicles. This heterogeneity was not considered in our simulations.

Longitudinal velocity Longitudinal acceleration 2.
%108 Real Traffic Data [kmcl;](;l x10° Real Traffic Data [m/s ]
5.62492 5.62492 3
Travel direction 80
5.6249 7 5.6249 2
£ E= 1
5560488 60 5560488
z Z 0
£ 5.62486 | 40 £ 5.62486
= =) -1
5.62484 5.62484
20 2
5.62482 5.62482 3
. . . . . . . o . . . . . . .
3.6645 3.665 3.6655 3.666 3.6665 3.667 3.6675 3.6645 3.665 3.6655 3.666 3.6665 3.667 3.6675
UTM-East %10° UTM-East %x10°
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Figure 3. Average longitudinal velocities (left) and accelerations (right) for real traffic data (top); the
new flow-based model (center) and IDM (bottom).

In terms of acceleration, Figure 3 (right) shows that both models predicted larger
absolute accelerations compared to the data. This means that the observed behavior
that drivers adapt their speed to the forthcoming on-ramp and therefore avoid large
accelerations was not reflected in both models. In other words, both models tend to predict
aggression regarding acceleration and reactive, i.e., less anticipatory, driver behavior. Since
our model is derived from a macroscopic model, not explicitly accounting for acceleration,
additional model assumptions in the future might achieve more realistic accelerations.
Furthermore, we note that our model was only calibrated on the macroscopic scale and that
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the IDM was used with SUMO'’s default values. Detailed microscopic calibration, which has
not been realized in this analysis due to its large computational cost and complexity, could
be helpful to find a suitable balance between the two acceleration terms in Equation (9) and
therefore obtain more realistic accelerations.

Figure 3 (right) also shows that in the results of our model, the vehicles on the through
lanes decelerated significantly in front of the on-ramp section to allow vehicles from the
right to merge. This phenomenon can also be observed in real traffic data, but to a smaller
extent. Moreover, the IDM produced large negative accelerations at the end of the on-ramp
lane, because vehicles stop and wait for a suitable gap if they have not found one before.
Our proposed model does not show this unrealistic behavior.

In the real traffic data and the traffic simulated with the considered models, no accident
occurred, which calls for further measures to evaluate the traffic safety evaluation. With
the help of Surrogate Safety Measures, areas with higher collision risk can be identified.
Figure 4 (left) shows the average MTTC values under 3 s within a given 20 m long section
(see the Model Evaluation section for details). If the average within these sections lies above
3 s, it indicates a safe, conflict-free area. In this case, the section is colored gray.
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Figure 4. Left: average MTTC capped at 3s for real traffic data (top), the new flow-based model
(center), and IDM (bottom). Sections with larger MTTC are colored gray. Right: distribution of
longitudinal lane change positions from the entry lane to the main lane for real traffic data (top), the
new flow-based model (center), and IDM (bottom).

The real traffic data exhibited the lowest MTTCs and therefore the riskiest traffic scene.
In the traffic simulated with the new model, the entry and main lane displayed the most
dangerous area, but there was little to no disturbance on the two passing lanes. In the traffic
simulated with the IDM, only the first 20 m long sections on both the on-ramp and the main
lane showed low average MTTCs, while the rest of the analyzed stretch remained safe.
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Figure 5 (left) shows the average MTTCs of the lanes: We computed the average over
20 m long sections on the considered on-ramp scenario combining all lanes. Comparing
the two models, we see that only three out of 15 sections have average MTTCs that are less
than 3 s in the case of the IDM model, and thus, generally safe driving behavior is assumed.
The new flow-based model predicted results that are more similar to the observed traffic
scene in the data locally involving riskier driving behavior. Compared to real traffic, the
new model exhibited multiple locations at which a lower MTTC was pronounced. Figure 5
(right) shows the total number of sections that had an average MTTC between 0-1.5 s,
1.5-25,2-2.55s,2.5-3 5, and above 3 s. While the distribution of average MTTC achieved by
the flow-based model differs from the one of the real traffic data, this is mainly because of
the small number of conflicts on the passing lanes that the model predicted. Figure 4 (right)
visualizes the changes from the entry lane to the main lane with respect to their location in
the 20 m long sections on the considered on-ramp. In the simulations of the IDM model,
vehicles preferably change to the main lane as soon as possible. While a large part of the
vehicles also changed very early in the simulation results of the flow-based model, more
changes occurred toward the end of the on-ramp, which is closer to the observed behavior
in the data.

Average MTTC across all lanes in 20 m long sections Number of sections in different MTTC intervals
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Figure 5. Left: average MTTC across all lanes with respect to their longitudinal section capped at 3 s
for real traffic data (top), the new flow-based model (center), and IDM (bottom). Right: histogram
of longitudinal sections with respect to their MTTC for real traffic data (top), the new flow-based
model (center), and IDM (bottom).

To investigate how the macroscopic calibration would affect the microscopic model,
we conducted simulations varying the maximum density of segment 2, with p2,,... Figure 6
shows that the deviation between the real traffic data and simulated traffic with respect to
the mean velocity and density on the main lane was smallest when the calibrated value of
02,2 Was used. A larger p2,,, had only a minor impact on the deviation, while a smaller
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02,4 led to a significant increase in the deviation, as congestion was predicted in the first
half of the considered time span. This indicates that our macroscopic calibration has been
suitable to obtain a valid microscopic model.
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Figure 6. (left) Mean velocity on the main lane in simulations with varied p2,,, and in the traffic data.
(right) Corresponding densities on the main lane.

4. Conclusions

In this paper, we proposed a microscopic car-following model for on-ramps derived
from a macroscopic traffic flow model. The macroscopic model was calibrated based on real
traffic data collected at a highway junction in Germany. The microscopic model includes a
few additional assumptions for the acceleration and synchronization between the on-ramp
and the adjacent lane, which are neglected in macroscopic models, in order to ensure
realistic merging behavior at on-ramps. To the best of our knowledge, our model is the
first approach to include possibly risky merging behavior from traffic data in a microscopic
simulator. By evaluating the proposed model in a traffic simulation, we found that the
speeds and accelerations were larger than in real traffic, but they were more realistic than
in the Intelligent Driver Model. The distribution of the lane change positions was also
more realistic than in the IDM. The proposed model is suitable for road safety analysis,
as it creates a realistic amount and severity of conflicts. For example, it can be applied to
evaluate different designs of on-ramps (regarding lengths, speed limits, ramp-metering
strategies, etc.) in traffic simulations by incorporating fitted on-ramp models of comparable
on-ramp situations in microscopic simulations. On a larger scale, the composition of various
microscopic merging models of this kind into complex motorway junctions might assist
in evaluating the throughput for different architectures. Since the calibration was only
performed on the macroscopic level, the accelerations in both the IDM and the flow-based
model were larger than in the real data. With microscopic calibration, which involves an
expensive fitting of the parameters A and 7, a better resemblance between the model and
the real traffic might be achieved in future work. As it stands, extensive vehicle trajectory
data at on-ramps have been scarce to come by, and the recording and image processing of
the considered data have been costly (see Section 2.1). Further validation will be necessary
in future work. We note, however, that given suitable data, the presented framework is
transferable to similar on-ramps and junctions, at which two road segments merge into
a third one, as shown in Figure 2. Extended geometries and different types of junctions
require model extensions on the macroscopic scale, as well as more data for their calibration.
The current study serves as a proof of concept, as only the flow maximization junction
model has been considered; further modeling approaches including data driven neural
networks could be considered.

Combining the advantages of both macroscopic and microscopic models is a promising
approach to obtain models that represent both microscopic driver behavior and macroscopic
traffic phenomena well. However, even with thorough calibration, on-ramps remain a
challenging road section to model.
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Appendix A

Table Al. Statistics on the on-ramp traffic for all datasets. Data were recorded in 2019 on May 13
(day 1), May 14 (day 2), May 15 (day 3), and June 21 (day 4). Modified from [15].

Passing Vehicles Entering Vehicles

Set Time Period n av. Speed n av. Speed
1 day 1 5:10:30 5min, 25 s 281 749 km/h 52 66.1 km/h
2 day 1 5:15:57 5min, 26 s 301 743km/h 71 63.5km/h
3 day 1 5:21:24 5min, 32s 298 71.0km/h 71 62.3 km/h
4 day 1 5:43:57 5 min, 26 s 312 67.3km/h 73 56.3 km/h
5 day 1 5:49:25 5min, 26 s 288 65.0km/h 76 53.3km/h
6 day 1 5:54:52 5min, 27 s 286 67.3km/h 68 56.2 km/h
7 day 1 6:00:22 1 min, 38 s 28 682km/h 3 494 km/h
8 day 1 6:04:34 5min, 26 s 282 67.7km/h 89 56.3 km/h
9 day 1 6:38:58 5 min, 26 s 269 67.4km/h 64 56.9 km/h
10 day 1 6:44:26 1min, 25 s 63 488km/h 11 32.2km/h
11 day 2 15:10:37 2 min,45s 85 744km/h 18 61.7 km/h
12 day 2 15:26:35 5 min, 27 s 215 39.2km/h 33 33.3km/h
13 day 2 15:44:39 5 min, 27 s 233 66.3km/h 50 54.7 km/h
14 day 2 15:50:07 5 min, 27 s 235 73.0km/h 54 61.0 km/h
15 day 2 15:55:34 2min,22s 107 733km/h 29 63.8 km/h
16 day 2 16:02:44 5 min, 27 s 250 735km/h 69 62.6 km/h
17 day 2 16:08:13 5 min, 26 s 244 742 km/h 59 61.4km/h
18 day 2 16:19:24 3min, 6s 149 67.3km/h 37 61.4km/h
19 day 3 6:07:22 5 min, 27 s 300 65.2km/h 89 54.4km/h

20 day 3 6:12:51 5 min, 26 s 278 63.8km/h 83 52.2km/h

21 day 3 7:26:13 2min, 39 s 66 674km/h 7 58.7 km/h

22 day 4 15:28:14 5 min, 26 s 221 725km/h 27 60.5 km/h

23 day 4 15:33:42  5min, 26 s 247 723km/h 20 61.9 km/h

24 day 4 15:39:09 5 min, 26s 230 73.7km/h 15 62.5km/h

25 day 4 15:44:36 2 min, 48 s 76 67.8km/h 4 589 km/h

26 day 4 16:06:02 2 min, 59 s 79 68.6km/h 9 63.2km/h

27 day 4 16:11:53 5 min, 26 s 231 773km/h 31 62.3km/h

28 day 4 16:33:19 5 min, 27 s 231 743km/h 29 62.2km/h

29 day 4 16:38:47 5min, 27 s 244 682km/h 38 57.1km/h

30 day 4 16:44:15 5 min, 27 s 248 73.0km/h 34 62.0 km/h

31 day 4 16:49:45 4 min, 34 s 171 68.6km/h 14 54.7km/h
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