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Abstract: This paper introduces a bi-level Kalman filter algorithm to estimate and predict traffic
states required for real-time traffic signal control. Leveraging probe vehicle and upstream detector
data, turning movement (TM) counts in the vicinity of signalized intersections are estimated at the
upper level, while the upstream approach density and queue sizes are estimated at the lower level.
The proposed approach was evaluated using drone-collected and simulated data at a four-legged
signalized intersection in Orlando, Florida. The results of the bi-level approach were quantified relative
to the baseline estimation without a Kalman filter. Results show that the Kalman filter is effective in
enhancing traffic state estimates at various market penetration levels, where the filter both improves
the estimation accuracy over the baseline case and provides reliable state predictions. At the upper
level, the standard deviation (SD) in TM estimates improves by up to 50%, compared to the estimates
provided by the sole use of probe vehicle headings. The proposed approach also provides predictions
with a minimal SD of 92.8 veh/h at a 5% level of market penetration. At the lower level, the proposed
queue size estimation method results in an enhancement to the queue size estimation of up to 32.8%
compared to the estimates obtained from the baseline approach. In addition, the estimated traffic
density is enhanced by up to 18.5%. The proposed bi-level approach demonstrates the capability of
providing reliable turning movement predictions across varying levels of market penetration. This
highlights the readiness of this approach for practical application in real-time traffic signal control
systems.

Keywords: Turning movement counts; Kalman filters; queue estimation; connected vehicles; signal
optimization

1. Introduction

Knowledge of turning movements (TMs) and queue sizes at signalized intersections is essential
for numerous traffic applications, including conducting traffic analyses, traffic signal optimization,
and evaluating the performance of the transportation system, especially for real-time applications.
Specifically, predicting the traffic stream density and number of queued vehicles at signalized intersec-
tion approaches is critical for real-time adaptive traffic signal controller. However, accurate TM counts
and queues are hard to obtain because they require exhaustive data collection efforts. Traditional
data collection methods such as manual counts are still dominant; however, manual observation is
labor-intensive and subject to human errors. The advancement of connected vehicle (CV) technolo-
gies provides the opportunity to enhance the data collection effort and provide more information
about traffic states. Recently, probe data have been leveraged to obtain TMs as well as queue sizes at
signalized intersections with high levels of accuracy [1]. However, solely relying on probe data for
traffic state estimation has weaknesses, as this method becomes increasingly unreliable at lower levels
of market penetration. As such, statistical recursive estimators, such as Kalman filters, are used to
improve the estimation accuracy and provide future traffic state predictions.
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To address this need, this study proposes a bi-level estimation and prediction approach for
real-time TMs, upstream link density, and the number of queued vehicles per direction at signalized
intersections. The proposed approach provides horizon predictions, on a real-time basis, leveraging
upstream loop detectors and probe vehicle data. The proposed Kalman filtering algorithm is designed
to estimate and predict the real-time number of turning vehicles in the upper level, with the prediction
horizon adaptable depending on the application’s requirements, which can be as short as 1, 5, and 10
seconds. Thus, the estimated TMs are utilized in the lower level for queue size and density estimation,
which is conducted for each TM. The proposed approach provides the essential information that
facilitates the field implementation of advanced traffic signal optimization systems, such as the game-
theoretic traffic signal controller proposed by [2], which requires real-time predictions of TMs and
queue size for each lane group.

2. Literature Review
2.1. Estimation of Turning Movement Counts

Numerous efforts in the literature have approached the turning movement estimation problem at
signalized intersections using loop detector data. As the approaching traffic flow counts are relatively
easy to obtain using detectors or other stationary sensors, multiple methods have been proposed in
the literature to infer TMs using approaching flows. The manual trial-and-error technique is one of the
methods that requires obtaining inflow and outflow traffic at all the approaches of the intersection. This
approach is considered tedious and difficult in terms of mathematical calculations and efficiency [3].
Some studies presented more robust techniques to estimate the most likely origin-destination matrix
for intersections, which best replicates the observed approach counts, such as the work of Hauer et al.
[4], which estimated the matrix using a likelihood maximization approach using Kruithof’s algorithm.
This technique showed acceptable estimation accuracy; however, prior knowledge about actual TMs
is critical to perform this approach. In addition, this method requires the deployment of detectors in
all directions that carry traffic to and from the intersection. Van Aerde et al. [5] developed a tool for
estimating an origin-destination (OD) demand matrix. The tool utilizes a maximume-likelihood-based
numerical solution that does not require flow continuity at the network nodes. It is noted that the
origin-destination problem is under-specified, where multiple solutions will provide a match to the
counts. The maximum likelihood is used to select the most likely of these solutions. A seed matrix can
also be used to bias the solution towards the seed matrix.

More recent studies presented other methods to estimate TMs, such as the work of Xu et al. [6],
which developed an automatic TM identification system (ATMIS) that estimates TMs on a real-time
basis. Another study by Zhang et al. [7], which estimated TMs using a non-linear programming
approach using inflow and outflow counts. This approach shows high consistency compared to actual
TMs. However, these methods still require outflow detectors to obtain acceptable estimates.

Chen et al. [8] also used a non-linear path flow-based algorithm to estimate TMs at a network
level based on counts across the entire network. The study showed promising results in terms of
estimation accuracy. However, the algorithm’s iterative process is considered difficult for real-time
field applications in which TM estimations are required for short periods (e.g. 10-30 seconds).

Some studies used a genetic algorithm for TM estimations, such as the work of Jiao et al. [9],
which estimated TMs in real time by minimizing the deviations between observed and estimated
traffic counts. Ghanim et al. [10] used artificial neural networks (ANNs) for the estimation. Results of
the developed ANN model showed that ANNSs can be used to accurately estimate TMs. Mousavizadeh
et al. [11] utilized probe vehicle data for turning rate estimation at large-scale urban networks using a
Wavelet transform decomposition, using an estimation model that requires historic TM data. However,
the training of machine learning models and the training of such estimation models based on hostoric
data are considered computationally expensive and cannot be generalized beyond the context of the
training data, such as the application to different characteristics of intersections, driving behavior, and
demand patterns.
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Some studies adopted a nonlinear least-square approach for the TM estimation problem such as
the work of Lan et al. [12], which performed real-time TM estimation using partial counts on urban
networks. The study employed a recursive nonlinear least-square approach using a partial set of
detector counts. Similarly, Mirchandani et al. [13] presented a least-square minimization TM prediction
algorithm implemented on a real-time basis. The algorithm is based on phase-to-phase counts that
require the current turning proportions for prediction.

Finally, recent advancements in CV technologies have also been leveraged to estimate TMs, such
as the work of Saldivar et al. [14], which used CV trajectory data to estimate TMs at signalized
intersections. Entry and exit trajectory headings were used to detect the number of movement clusters
using k-means clustering, which were assigned to a TM. A matching accuracy of up to 98% was
achieved for over 1.1 million analyzed trajectories.

2.2. Queue Size Estimation from Probe Vehicles

The real-time queuing information at isolated intersections is essential information for the optimal
control of traffic signals. The advancements in connected and automated vehicle technology allow the
traffic signal controller to use probe vehicle data to make queue size estimates. There are vast literature
on the topic of queue estimation, where it is mainly addressed in two primary estimation techniques:
The input-output method ?? and the shockwave theory. The input-output method estimates the
number of vehicles within the queue, whereas the shockwave theory emphasizes the spatial extent of
the queue. Furthermore, the queue estimation timeframe setting is categorized into a cycle-by-cycle
queue length estimation and the real-time queue estimation [15].

Various methods of real-time queue estimation are reported in the literature such as the work
of Comert et al. [16], which used a statistical method to estimate queue size in real-time from probe
vehicle data. Based on the position of the probe vehicles in the queue, the queue size is estimated by
a derived analytical expression. The study showed high estimation accuracy. However, it assumed
that the marginal probability of queue size distribution is known, which is prior knowledge that is
unavailable in many cases. Liu et al. [17] used a Markov model to estimate real-time queue size
utilizing probe vehicle data. The average traffic flow rate, historical queue size data, and the stopping
states for arriving probe vehicle data were used in the estimation procedure. The estimation scheme
was tested for multiple market penetration levels of CVs. Results indicated high estimation accuracy
and efficiency in handling the randomness in the system. One drawback is that the study relied on
historical data, which might not be readily available. In addition, the categorization of queue size
estimation by TM was also overlooked.

Another study by Zhao et al. [18] proposed a series of novel methods for real-time queue
size estimation from probe vehicles. The proposed methods exploited the stopping positions of
probe vehicles. The traffic volume and total queue size for each movement were obtained using the
aggregated historical trajectory data. Study limitations include the inaccurate estimation of the market
penetration rate using the last stopping position of probe vehicles. Shahrbabaki et al. [19] used a
data fusion approach to estimate the second-by-second queue length. The proposed method showed
notable estimation accuracy and efficiency.

Wei et al. [15] adopted an empirical Bayes method to estimate the cycle-based queue length,
which showed significant estimation performance. Hao et al. [20] used a bayesian network model for
estimating cycle-by cycle queue length. The study reported that 5% is the minimum market pentration
rate for practical application of queue estimation using probe vehicles. However, the cycle-to cycle
queue estimation methods are considered only applicable at conventional traffic signal contrllers where
the phase lengths are known. Unlike other adaptive signals when the phase length are not known in
advance.

2.3. Traffic State Estimation Using Kalman Filters

Kalman filters have been used for various applications in the domain of traffic management and
control. For example, the Kalman filter has been used to estimate vehicle density and space-mean
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speeds at highways [21,22]. Antoniou et al. [23] used a nonlinear Kalman filter algorithm to calibrate
online dynamic traffic assignment models; that algorithm showed a high level of accuracy as well as
efficient computational performance. In addition, Emami et al. [24] used a Kalman filter algorithm for
the short-term prediction of traffic flow in a CV environment.

Kalman filters have been used in the topic of traffic state estimation such as the work of Wang et
al. [25], which used an extended Kalman filter algorithm to estimate the real-time traffic state. Bekiaris-
Liberis et al. [26] also employed a Kalman filter to estimate the mixed traffic density at highways using
the average speed of connected vehicles. Other studies utilized Kalman filter approaches to estimate
TMs at signalized intersections. For example, Jiao et al. [27] developed a Bayesian approach, which
is a combination of a back-propagation neural network model and a revised Kalman filter model.
The algorithm employs historical data together with the present data to calibrate errors. While the
reported results demonstrated high estimation accuracy, the algorithm’s reliance on historical data
poses an applicability challenge due to its limited availability in many cases, despite the computational
complexity involved. Another study by Zhang et al. [28] used a Kalman filter technique based
on an extended cell transmission model (ECTM) to estimate TMs for adaptive traffic signal control
systems. Results showed that the technique provided reliable traffic state estimates. Enjedani et al.
[29] developed a Kalman filter TM estimator based on probe vehicle data, where probe data were
considered representative of the total traffic flow for low market penetration levels. The method
showed an improved TM estimation accuracy. However, the method also relies on historical data and
is not applicable for short intervals of TM estimation; thus, it is not applicable for real-time applications
of traffic signal optimization systems. Hu et al. [30] used an Extended Kalman filtering (EKF) approach
for queue estimation at signalized intersection. The study used a machine learning model to construct
the the shockwave queue propagation model. Then, the measured queue information is integrated in
the EKF to derive real-time queue estimates.

2.4. Research Gap and Study Contribution

The use of a Kalman filtering approach has been extensively used in the literature for the purpose
of traffic state, turning movement, density, and queue estimation. Most of the efforts in the literature
reported traffic state estimation methods without categorizing the state estimates by turning movement,
which is essential for some adaptive traffic signal controllers. In addition, the majority of the traffic state
estimation methods are performed on highways rather than intersection approaches. The literature
also reported the use of historic traffic data within Kalman filters to account for the estimation errors,
which is unavailable in most cases and nonstationary. Furthermore, the use of machine learning with
Kalman filtering can be limited by the availability of training data and cannot be extended beyond the
scope of the historic data.

As such, this study contributes to the existing body of knowledge by proposing a bi-level Kalman
filtering approach for traffic state estimation and prediction in the vicinity of traffic signals. The
proposed approach bridges the research gap in the literature in the following ways:

1.  The proposed system is considered practical and computationally efficient for advanced real-time
traffic signal controllers.

2. The real-time traffic state estimates provided by the proposed system are categorized by turning
movement, which is required for some adaptive traffic signal control applications.

3.  The proposed system does not require historical traffic information to calibrate the error covari-
ance matrices in the Kalman filter, making it more practical compared to the cases where historical
data are required to train machine learning models.

4.  The proposed system provides real-time traffic state estimation and predictions within variable
short-term horizons to suite the requirements of some adaptive traffic signal controllers.

5. The integration of real-time TM, density, and queue size estimation facilitates the system applica-
tion in advanced traffic signal control systems that require real-time information on TM counts
and queue size per movement.


https://doi.org/10.20944/preprints202501.0732.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 January 2025 d0i:10.20944/preprints202501.0732.v1

50f 20

3. Design of Kalman Filter
3.1. System Overview

A Kalman filter is an efficient recursive minimum variance estimator that follows a prediction-
correction scheme. The Kalman filter integrates the recent previous state estimate with the current
state observation to perform state estimation and future state projections. This algorithm was first
developed by Kalman in 1960 [31]. The filter uses previous state estimates, new state observations,
and projections of previous states to generate refined estimates of the current state variables. This
is done by separating the random noise inherent in the observations and fusion with projections of
previous states. Kalman filters are used in numerous industrial applications such as object tracking,
signal processing, and navigation [32], which makes it suitable for time series applications to estimate
TMs on a real-time basis.

In this study, a Kalman filter algorithm was employed in a bi-level approach to estimate and
predict TMs in the upper level and density and queue size in the lower level.

The Kalman filter algorithm is utilized within a bi-level approach. At the upper level, it is utilized
for TM estimation, while at the lower level, it is utilized for density and queue size estimation.

As depicted in Figure 1, the algorithm follows a multi-stage process for estimation and prediction,
where the system makes state predictions in one stage and then the state is updated using observed
data in another stage. In this system, historical data are not required to calibrate the error matrices, but
the current observations and the perceived market penetration rate are used to quantify the process
and observation noise matrices.

As shown in the figure, the Kalman filter uses the previous state estimate to obtain the predicted
state using the process matrix F. The prediction function also incorporates the time-varying process
noise covariance matrix Q. The process matrix F represents the rate of change in loop detector readings,
calculated using current and previous loop detector data. This rate is assumed constant for a single
prediction step, which is reasonable for short prediction periods of 10-30 seconds.

The Kalman gain K is calculated using the updated state covariance matrix P and the time-varying
measurement noise covariance matrix R¢. In the update step, the estimated state variable and covari-
ance matrix are calculated upon receiving probe vehicle observations. Finally, exponential smoothing
is applied to enhance the filter’s performance. Subsequent sections provide more elaboration on these
steps.
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Figure 1. Kalman Filter Process

3.2. State Variables

In this study, because the objective is to estimate TMs at intersection approaches in the upper
level, the state variables are defined by the number of vehicles turning right, heading through, turning
left, and the total approach volume, respectively. The state vector x (1 x 1), where 1 is the number of
state variables, is defined as:
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T
X = [xrt Xthr X1t Xtot

These TM state variables can be observed from the combination of probe vehicle data and the
detector data, where the CV data broadcasts TMs, which represent samples of the total flows. The
Kalman filter approach employs a rollback method to determine probe vehicle headings. This means
the system goes back in time until it locates at least one vehicle for each TM. If no probe vehicles are
observed turning in a particular direction, the system considers that TM as zero. These observations
are then balanced by the total approaching traffic flow obtained from the upstream loop detector. The
accuracy of the TM observations relies on the current level of market penetration at each experiment,
while the detectors capture the approaching volumes.

In the lower level, a single variate Kalman filter is applied for each direction to estimate and
predict the traffic density at the upstream link as well as the number of queued vehicles per direction
(left and through movements). Upstream locations and speeds of probe vehicles are considered
measurements of the current upstream density and queues.

3.3. Prediction Step
3.3.1. State Transition Function

In this step, the current state vector is projected to the short-term future as a process model. The
Kalman filters future projections of one step ahead in the future are typically referred to as prediction
using the current and past state observations.

In the upper level, the TMs predictions are obtained using the growth rate of the total traffic
volume observed in the loop detector data, which is calculated using the detector volume at the current
time step X0+ and at one-time step ahead, x4, ;—1. The calculated growth rate derived from detector
data is assumed to be the same for all TMs, as the actual growth rates per TM are unknown. This
process is represented in the process matrix F, which defines the growth rates for each TM. However,
the predicted state using equal growth rates for each movement is to be adjusted in the state transition
function (1) using the process noise matrix Q.

In the lower level, queuing theory is utilized to predict the upstream density and queue size using
the current TMs provided by the upper-level Kalman filter, future signal timings, and the loop detector
data.

The state transition function, as shown in equation (1), utilizes the process matrix F, the current
state x, and the state transition noise wy to provide the next state vector x (n x 1), which represents the
predicted state vector of the next time step. It is noted that the state transition function F is time-varying
based on the current and previous loop detector observations. The transition function is shown as
follows:

X = Fx+ wy (@)

where wy; (n X 1) ~ N(0, Q) denotes the state transition noise with dimensions n x 1, following a
normal distribution with mean 0 and process noise matrix Q.

Furthermore, the state covariance matrix P is calculated in this step using the current covariance
matrix P, the process matrix F, and the process matrix Q. The state covariance update is represented in
equation (2) as follows:

P=FPF' +0Q )
The process noise matrix Q will be explored in the next subsection.

3.3.2. Process Noise Covariance Matrix

In the context of this problem, the time-varying process noise covariance matrix Q; (n x n) is
defined as the matrix composed of prediction confidence intervals of each of the state variables. Q
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is calculated at each iteration in the upper-level formulation to address the underlying assumption
of a constant growth rate across the three movements within the state transition function. Using the
probe vehicle headings, which represent samples from the approach flow, a confidence interval for
each TM prediction can be derived. This involves computing the sampling error S.E. for each TM at
both times t — 1 and ¢. Subsequently, upper and lower bounds of the growth rate for each of the TMs
are computed, which are used to calculate the confidence interval of the predictions. The formula of
the sampling error is shown in equation (3) below.

Sampling Error (S.E.) = Zy\/p x (1 —p)/n (3)

where Z is the Z-score of the selected confidence level, p is the proportion of the TM from the total
approach flow, and 7 is the sample size, which is the number of observed probe vehicles in a certain
time window. The iterative computation of the process noise matrix relies on the continuous broadcast
of probe vehicle data at each time step. This involves collecting observations within a rolling-back
horizon, ensuring that the rollback period includes at least one probe vehicle for each of the TMs,
which is essential to ensure a reliable and representative sample.

In the lower level, since the density and queue size predictions are based on the estimated TMs in
the upper level, the covariance matrix P, which represents the confidence in TM estimates, is used to
calculate the prediction covariance matrix in each iteration, resulting in an adaptive Kalman filter.

3.4. Update Step
3.4.1. Measurement Function

The Kalman filter refines the projected state using probe vehicle observations, represented by the
measurement vector z. As shown in equation (4), the residual vector y is calculated using the predicted
state vector X and the measurement vector z. Because the Kalman filter computes the residual vector
in the measurement space, matrix H is used for transition. In the lower level Kalman filter, probe
vehicles are used to measure the number of stopped vehicles in the queue. It is noted that the matrix
H is omitted in the lower level Kalman filter because the density and queue size estimation problem is
univariate, where the matrix H equals [1] anyway.

y =z — Hx 4)

-
where z is the measurement vector defined as [xth, Xyt xlt} in the upper level Kalman filter, and

H; (m x n) is the state-to-measurement transition matrix, defined as follows:

I
_ o o =
N

0
0
1
1

3.4.2. Measurement Noise Matrix

The Kalman filter employs the measurement noise covariance matrix R; (# x 1) to capture the
inherent uncertainty in the measurement vector. This matrix quantifies the variance of expected errors
in these measurements, which is based on the level of market penetration of the probe vehicle data. The
calculation procedure of the R matrix is based on the sampling error approach similar to that descriped
in section 3.3.2, where the matrix is calculated at each KF update iteration using the measured number
of vehicles and the detector data representing the total number of vehicles.

The error variance is derived from the sampling error equation (3), which quantifies how much
confidence we can place in observed TMs. Subsequently, the Kalman gain K is calculated using
equation (5) and used to update the state estimate x and the state covariance matrix P as shown
in equations (6, 7). The variable x is considered a recursive solution of the optimal state estimation


https://doi.org/10.20944/preprints202501.0732.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 January 2025 d0i:10.20944/preprints202501.0732.v1

8 of 20

problem, which means that the system state can be estimated solely based on the previous state
estimate and the new observation y. This property of the approach is computationally efficient and
makes it suitable for real-time applications [21].

K=PHT(HPH' +R)"! ()
x = X+ Ky (6)
P = (I— KH)P 7)

3.4.3. Estimate Smoothing

The probe vehicle observations are subject to sudden changes or outliers, which can significantly
impact the performance of the Kalman filter recursive process. As such, an exponential smoothing
technique is applied to the Kalman-filtered state estimates to further reduce the noise and enhance
their accuracy and precision. Equation (8) shows the exponential smoothing formula, in which the
value & variables are tuned according to the level of market penetration.

x¢(smoothed) = ax; + (1 — a)x;_1 8)

4. Upstream Density and Queue Size Estimation

In the lower level of the bi-level approach, a univariate Kalman filter is employed to estimate and
predict the real-time upstream traffic density and queue size. The estimated TM counts, in the upper
level, are used in the process of estimating the number of queued vehicles as well as the traffic density
for each movement in the intersection approaches.

In the prediction step, The input-output method of the queue size estimation [33] is employed
as the process model in the lower-level Kalman filter algorithm. The input-output method od queue
estimation is based on the difference between the total arrivals and the total departures at the inter-
section approaches. The turning movements obtained from the upper-level Kalman filter is used to
determine the arrival flows, and the traffic signal indication for each movement at each approach is
used to determine the departures. The traffic density process model employed a similar method as the
queue estimation process model, where the difference is that the density model takes all vehicles that
enter the link into consideration, while the queue model considers the vehicles that arrive at the back
of the queue only.

Furthermore, in the update step, the probe vehicle measurements are used to update the state
estimate. The probe vehicle position and speed are used to determine if the vehicle is within the
measurement area, and if it is currently in queue. The inferred market penetration level is used to
calculate the measurement error, which is then incorporated into the Kalman filter measurement noise
matrix. The estimation and prediction performance of the Kalman filter is assessed by comparing its
results with those obtained solely from probe vehicle data.

5. Experimental Design
5.1. Data Collection

The evaluation of the proposed system involved a comprehensive analysis of real-world trajectory
data sourced from a drone-based dataset [34]. The dataset, which was specifically designed for urban
traffic studies, focuses on the traffic dynamics at a four-legged signalized intersection situated at the
intersection of Alafaya Trail and University Boulevard in Orlando, Florida. This location, illustrated
in Figure 2, serves as a case study for assessing the effectiveness of the bi-level approach for TM and
queue size estimations. The choice of this dataset is particularly significant, as it provides a realistic and
dynamic representation of urban traffic scenarios, offering insights into the algorithm’s performance
under real-world conditions of actual traffic patterns and oscillations. In addition, using this dataset
ensures that the evaluation process is performed in applicable scenarios, enhancing the credibility of
the proposed system’s performance assessment.
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Figure 2. Four-legged Signalized Intersection at Alafaya Trail and University Boulevard in Orlando, Florida.

5.2. Upstream Detector and CV Data

The raw trajectory data are transformed to mimic real-time probe vehicle data and upstream
loop detector information, where traffic flow features such as the traffic flow and individual vehicles’
trajectories are extracted. The total flow count at each approach is computed using the raw trajectory
data. In addition, based on the market penetration level in each experiment, randomly sampled
trajectories are selected to represent probe vehicles, where they broadcast their headings upon entering
the intersection zone. The real-time information including detector data and probe vehicle data is
fed to the bi-level approach. The evaluation utilized 1 hour of trajectory data with an accuracy of 30
frames per second. Table 1 shows the total hourly demand for each approach per direction according
to the data.

Table 1. Intersection demand rate in vehicles/hr according to the drone-based vehicle trajectories.

Approach LT THR RT
NB 71 721 88
SB 188 806 100
EB 121 1223 134
WB 86 844 278

5.3. Intersection Microscopic Simulation

A microscopic simulation model was developed using the INTEGRATION microscopic simulation
software [35-38] for the four-legged intersection at Alafaya Trail and University Boulevard in Orlando,
Florida. The vehicle arrivals are modeled to match the observed vehicle counts in the raw vehicle
trajectory data for discretized intervals of 10 seconds for 1 simulation hour. The field settings, such as
the speed limits, traffic flow rate, and the geometric characteristics of the intersection, are replicated in
the model. Figure 3 shows a snapshot of the developed micro-simulation model.

This model was used to evaluate the developed bi-level approach, in which proper signal timings
are proposed, and the traffic state estimates are made based on the modeled signal timings. This
approach mitigates data collection errors caused by time mismatches between vehicle trajectories
and signal timings. The proposed bi-level Kalman filter approach was applied to the model using
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upstream loop detectors and probe vehicles with various levels of market penetration ranging from
5% to 100%. In addition, actual queue sizes and densities were observed in the model and compared
with the estimated values for the simulation period.

31
T
K g ]
1k
>

Figure 3. Snapshot of INTEGRATION Microscopic Simulation Model.

5.4. Estimation of the Market Penetration Level

The underlying total market penetration (MP) level is required by the Kalman filter algorithm, yet
it is unknown by the system. As such, the MP rate for the total traffic is estimated in real-time using
a basic process that utilizes probe vehicle data as well as loop detector data. Within each temporal
window, the number of in-flow probe vehicles is compared with the total traffic flow that enters the
link. As such, the perceived MP rate for the total flow is estimated at each link. It is noted that the
market penetration rate may differ for each turning movement, and since the total number of vehicles
per turning movement is unknown, the total MP rate is used and the sampling error is taken into
account in the measurement noise matrix.

6. Results and Discussion
6.1. Evaluation Baseline

The proposed Kalman filter method is evaluated by comparing its results with the ground truth
derived from trajectory data. The performance metrics of the KF method are also analyzed and
benchmarked against Connected Vehicle observations. This comparison takes into account varying
market penetration rates observed in different simulation experiments to provide a comprehensive
understanding of the KF method’s effectiveness in real-world applications.

6.2. TM Estimation and Prediction Results

The TM estimation algorithm was evaluated for multiple cases with prediction horizons of 1, 5,
and 10 seconds. In addition, several experiments were performed considering various levels of market
penetration of probe vehicles ranging from 5% to 100%. Figures 4-6 show the algorithm performance
in estimating TMs on the east-bound (EB) intersection approach at a market penetration level of 5%,
10%, and 20%, respectively. Each figure shows the hourly moving average number of turning vehicles
for 1 hour for each of the three TMs: through, right, and left. The plots show the distribution of
actual TMs compared to the estimated number of TM counts as well as the probe vehicles. The figures
illustrate the TM estimation error compared to the filtered estimates, highlighting the efficiency of the
proposed Kalman filter algorithm, where the estimated TMs have significantly less noise than those
estimated by CV data, even at low levels of market penetration.
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Figure 4. Comparison Between Kalman Filter-Derived TM Counts Versus CV Observations and Ground Truth
Counts for the EB Approach at Market Penetration = 5%.
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Figure 5. Comparison Between Kalman Filter-Derived TM Counts Versus CV Observations and Ground Truth
Counts for the EB Approach at Market Penetration = 10%.

Right Movement

2

2

5

Moving Ave No. of Vehicles
2 £ 8 38

2

2
2

Moving Avg No. of Vehicles

Left Turn Movement

500 1000 1500 2000 2500 3000
Time (5)

Figure 6. Comparison Between Kalman Filter-Derived TM Counts Versus CV Observations and Ground Truth
Counts for the EB Approach at Market Penetration = 20%.

6.2.1. Accuracy of Estimation and Prediction

To further assess the estimation errors of the proposed algorithm, Table 2 provides a comparison
of the standard deviations (SD) associated with TM estimates derived from both the probe data and
Kalman filtering approaches for market penetration levels of 5%, 10%, and 20%. Notably, the Kalman
filtering approach demonstrates a significant enhancement in the SD of current real-time TM estimates.
For instance, at a market penetration level of 5%, the proposed Kalman filter approach reduced the SD
by 48%. Additionally, the SD of the Kalman filtering predictions is 92.8 vehicles/hr, further showcasing
the accuracy of the Kalman filter in predicting TMs even at low levels of market penetration.


https://doi.org/10.20944/preprints202501.0732.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 January 2025 d0i:10.20944/preprints202501.0732.v1

12 of 20

The findings were also evaluated by the results of the analysis depicted in Figure 7. For instance,
at the 5% penetration level, the coefficient of determination (R?) advanced from -0.14 for probe-vehicle-
estimated TMs to a significantly improved 0.70 for Kalman filter-estimated TMs at a market penetration
level of 5%. Moreover, the Kalman filter predictions exhibit a coefficient of determination of 0.68,
which is a substantial enhancement over the accuracy achieved when using only probe vehicle data.
These results illustrate the effectiveness of the Kalman filter approach in refining TM estimates and
providing reliable TM estimates that are representative of real-time traffic dynamics.
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Figure 7. Correspondence Between TM Estimates and Ground Truth.

Figure 8 shows the probability distribution of the difference between the ground-truth approach
flows and the corresponding estimates/predictions generated by the Kalman filter algorithm. Notably,
the deviations observed in TM estimates derived from probe vehicle data are significantly reduced.
Furthermore, Figure 9 shows the root-mean-squared error (RMSE) values across various levels of CV
market penetration implemented in this study. The outcomes reveal that the Kalman filter algorithm
consistently outperforms solely CV-derived estimates in capturing the current system state. Further-
more, even at lower CV market penetration levels, the Kalman filter algorithm demonstrates improved
predictive capabilities for TM counts, with an RMSE value ranging from 164 to 27 vehicles/hr at
various MP levels as shown in Figure 10, where the level of error is significantly less than the estimated
TM by probe vehicle data solely. This underlines the reliability of the proposed Kalman filter approach,
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which qualifies this algorithm to be used as a tool to provide TM counts for queue size estimation
algorithms, as performed in this research. The algorithm also qualifies to be integrated with real-time
traffic analysis and signal control systems, with varying degrees of CV market penetration levels.

Table 2. A Comparison Between the SD of TMs (vehicles/hr) Derived From Probe Vehicle Data and Using Kalman

Filtering.

Approach Market Penetration Levels

5% 10% 20%
SD of Probe Vehicle-Estimated TMs 174.1 138.8 56.1
SD of Kalman Filter-Estimated TMs 90.5 69.1 35.9
Estimation Improvement 48.0% 50.1% 36.0%
SD of Kalman Filter-Predicted TMs 92.8 72.5 42.7
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Figure 8. The Cumulative Probability of the Difference Between the Ground Truth and Kalman Filter-Derived
Estimated Flows.
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Figure 9. TM Estimation Accuracy Results for Different Levels of Market Penetration.
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Figure 10. TM Prediction RMSE Results for Different Levels of Market Penetration.

6.2.2. Validation of INTEGRATION Micro-Simulation Model

To validate the input demand, Figure 11 shows that the simulated loop detector data match the
observed demands derived from the raw trajectory data (R?> = 0.97). Furthermore, to validate the use
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of this model for further queuing analysis, the Kalman filter TM estimation approach was applied to
both the simulated outputs and the raw trajectory data. Figure 12 shows a comparison between the
RMSE of both estimates using raw trajectory data versus the INTEGRATION model output trajectory
dataset. The figure shows high consistency between both outputs. The minor difference is due to the
raw data’s higher resolution of vehicle trajectory data (30 frames per second versus the simulated data
of 1 frame per second), which translates into more randomness and higher estimation error, as shown
in the figure. These results enable us to confidently evaluate the proposed queue estimation scheme
using the developed microscopic simulation model data.
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Figure 11. Demand Validation.

\ = INTEGRATION Model Data
'\ =+= Raw Data
100 4

80 1 \

60 .

RMSE (Veh/hr)
/

404

5 10 20 30 40 50 60 70 80 90 100
Market Penetration Level (%)

Figure 12. Validation of the Developed INTEGRATION Microscopic Model.

6.3. Queue Size and Density Estimation Results

In this subsection, the lower level of the proposed approach is evaluated. The Kalman filter
method was used for queue size and density estimation and compared with the baseline estimates
using solely probe vehicle data. The TM estimates conducted at the upper level were utilized to
estimate and predict the real-time queue size and density. The lower level approach was implemented
for the isolated signalized intersection for multiple levels of probe vehicle penetration ranging from
5% to 100% for each prediction horizon of 5 and 10 seconds.

Figure 13 shows the queue size estimation results for the through and left TMs at the north-bound
(NB) approach of the intersection for market penetration levels of 5%, 10%, and 20%, respectively.
The figure shows the performance of the queue estimation algorithm using Kalman filters, where
it captures the general queuing pattern, even at low levels of market penetration. The estimation
accuracy is further quantified in Figure 14, which shows the performance of the proposed estimation
scheme at various levels of market penetration ranging from 5% to 100%. Mean absolute percentage
error (MAPE) and the mean absolute error (MAE) are the measures of performance (MOP) chosen for
evaluation.

Figure 14 illustrates the performance evaluation results of the queue estimation and prediction.
The figure shows that the use of Kalman filtering for queue size estimation outperforms the baseline
estimates using the probe vehicle data by up to 32.8%, which highlights the filter’s capability to reduce
the estimation noise at low levels of market penetration. However, at high levels of market penetration,
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the results show an insignificant impact from using Kalman filters compared to the sole use of probe
vehicle data to derive queue size estimates. The figure also shows the prediction quantification results,
where the level of error is consistent with the state estimation error results across various MP levels.
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Figure 13. Comparison Between Queue Estimation Using Kalman Filter Method and Ground Truth.
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Figure 14. Queue Estimation and Prediction MOP Results at Different Levels of Market Penetration.

To quantify the estimation of upstream traffic density, Figure 15 shows the MAE of the traffic
density estimates (the number of vehicles traveling at upstream links) and predictions using Kalman
filters compared to the baseline method. The figure shows improved estimation at various market
penetration levels, where the MAE improved by up to 18.5%. The figure also shows the prediction
performance of the filter, whose prediction accuracy is consistent with the estimation accuracy.
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Figure 15. Density Estimation and Prediction MOP Results at Different Levels of Market Penetration.
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6.4. Discussion

The previous subsections demonstrated the efficiency of the proposed bi-level approach for
TM, density, and queue size estimation and prediction using Kalman filters. The proposed system
showed enhanced state estimation and prediction and it’s applicability for field implementation and
integration with traffic signal control systems. Specifically, the proposed bi-level approach improved
traffic state estimates and predictions producing significant system performance at low levels of market
penetration. However, the results showed a comparatively marginal enhancement achieved by the
proposed approach at higher penetration levels compared to the baseline. This is attributed to the
increased accuracy and reduced noise inherent in the probe vehicle data at higher penetration levels,
diminishing the necessity for the noise reduction process carried out by the Kalman filter. As such,
this research suggests using Kalman filters to enhance state estimates when the market penetration
level is below 30%. These findings are consistent with the literature, where Aljamal et al. [39] showed
similar findings, where the authors used Kalman filters to estimate the total number of vehicle counts
at intersection approaches using probe vehicle data. The results of this paper also confirm the ability
of Kalman filters to enhance the estimation of various traffic states such as turning movements, vehicle
queues, and traffic stream density.

Furthermore, this research addresses the limitations of traffic state estimation and prediction
techniques found in the literature using probe data, such as machine-learning techniques [40]. Machine
learning models typically require historical traffic data and extensive computational resources for
training, and they are prone to over-fitting, which compromises their predictive accuracy. The bi-
level approach proposed in this research demonstrates enhanced estimation and prediction accuracy
without the need for historical traffic data. Furthermore, it exhibits computational efficiency suitable
for real-time applications. This research also advances the literature in employing Kalman filters in
short-term and real-time traffic state estimation without the need for historical traffic data, which
might be unavailable in many cases.

In addition, the presented prediction capability is considered a useful prediction tool for inte-
gration into advanced traffic signal control systems, such as the adaptive traffic signal controller
proposed by Abdelghafar et al. [2], which requires real-time predictions of TM counts, queue sizes
as well as traffic density estimates for each TM at each approach. Due to the lack of this information
in previous research, the proposed system was only tested considering market penetration levels
of 100%. However, the assumed high level of market penetration is inconsistent with the current
penetration trends, which makes this system inapplicable in the field. The bi-level approach proposed
in this research fills the gap in previous research to develop the adaptive game-theoretic system, which
requires real-time traffic state estimation and prediction. The availability of this information allows
for further deployment and testing of its efficiency at low levels of market penetration. Furthermore,
the queue estimation performance shows its efficiency in being integrated into vehicle trajectory
optimization systems, in which the real-time position of the back of the queue is essential for vehicle
trajectory optimization in the vicinity of traffic signals [41,42]

7. Conclusions and Future Directions

This paper introduces a bi-level approach that leverages probe vehicle and upstream detector data
for real-time traffic state estimation and prediction. A Kalman filter approach is utilized to provide
enhanced traffic state estimates compared to those provided solely by probe vehicle data. In the upper
level, the number of turning vehicles is estimated in real time, and in the lower level, the upstream
link density and the number of queued vehicles at the intersection, categorized by movement, are
estimated. A sampling error analysis is utilized to estimate the error covariance matrices for the
Kalman filter measurements and predictions using real-time data. The proposed system is evaluated
using a drone-collected dataset at a four-legged signalized intersection in Orlando, Florida.

Implementation results show that the proposed methodology has demonstrated promising results
in enhancing traffic state estimation and prediction capabilities, in terms of turning movements, queue
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size, and upstream link density. In the upper level, the TM estimation results show a reduction in the
error SD of up to 50% relative to the baseline method relying solely on probe vehicle data. The R? of the
TM estimates is significantly improved by using Kalman filters from 0.14 to 0.70 at a market penetration
of 5%. Similarly, at a market penetration of 10%, the R? improved from 0.27 to 0.82. Furthermore, the
upper level showed reliable prediction capability with R? values of 0.68, 0.79, and 0.94 for market
penetration levels of 5%, 10%, and 20%, respectively.

In the lower level, the queue size and upstream link density are estimated using Kalman filters
utilizing TM estimates provided in the upper level and probe vehicle data. Results of the queue size
estimation showed enhanced estimation accuracy at lower levels of market penetration. Comparing
the estimated queue size with the actual, the MAPE was enhanced with up to 32.8%. In addition,
the lower level filter produced enhanced estimates of upstream traffic density of up to 18.5%. The
proposed approach also shows enhanced estimation and prediction performance at a lower level of
market penetration.

The research indicates its applicability for field implementation and integration with real-time
game-theoretic traffic signal control systems, even at low levels of market penetration. This approach
addresses the limitations of existing techniques, such as machine learning models, by providing
enhanced accuracy without the need for historical traffic data and with computational efficiency
suitable for real-time applications. Moreover, the prediction capability of this algorithm presents
a valuable tool for integration into vehicle trajectory optimization systems. Overall, this research
fills a crucial gap in previous studies and paves the way for the development and testing of efficient
systems at various levels of market penetration, ultimately contributing to the advancement of traffic
management and optimization.

Future directions for research include enhancement of the propoesed system by integrating
a more sophisticated approach for the market penetration rate estimation, rather than the simple
method currently used in the system. Furthermore, future directions also include the integration
of the proposed KF approach within an adaptive game-theoretic traffic signal controller; as such,
categorized traffic state estimates can be provided to the controller at various market penetration
conditions. Therefore, the controller will be suitable for field implementation.
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