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Abstract— Multiple approaches have already been proposed
to mimic real driver behaviors in simulation. This article pro-
poses a new one, based solely on the exploration of undisturbed
observation of intersections. From them, the behavior profiles
for each macro-maneuver will be discovered. Using the macro-
maneuvers already identified in previous works, a comparison
method between trajectories with different lengths using an Ex-
tended Kalman Filter (EKF) is proposed, which combined with
an Expectation-Maximization (EM) inspired method, defines
the different clusters that represent the behaviors observed.
This is also paired with a Kullback-Liebler divergent (KL)
criteria to define when the clusters need to be split or merged.
Finally, the behaviors for each macro-maneuver are determined
by each cluster discovered, without using any map information
about the environment and being dynamically consistent with
vehicle motion. By observation it becomes clear that the two
main factors for driver’s behavior are their assertiveness and
interaction with other road users.

I. INTRODUCTION
To predict and model interactions of road users during the

driving task is still a challenging necessity for automated
vehicles (AVs). Different reasons can influence road users’
behavior, producing trajectories that are ultimately distinct
from each other. Since the DARPA challenges and the
resurgence of AVs as a real technology, multiple methods
have been proposed to model road user behaviors and thus
make the AV more aware and responsive during driving.
Starting from the raw data obtained by the observation of
undisturbed intersections, an approach to discover vehicle
behaviors in urban conditions is proposed in this work: to
extract all differentiable behavior from real data using the
longitudinal dynamic information (velocity and acceleration)
as the main discriminator.

Given that a sufficient amount of trajectory samples have
been observed, the behaviors detected from clustering the
set of samples from a single maneuver should represent the
totality of the probable behaviors in a specific scenario. They
can be used to increase the accuracy and reduce complexity
during the prediction of vehicle behavior [1], to compare if
an AV generated trajectory is similar to a real one (to avoid
trajectories that might startle other drivers) or to power the
simulation of agents that behave and interact in a realistic
manner during simulation [2]. This last one is the main
motivation for the proposed work. For other fields, the
general idea of the proposed method can also be useful for
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Fig. 1: Lon. vel. clusters and centroid heat-maps from 9b

the dynamic analysis of human movement during a specific
task, or even how different the movements of tools used/hold
by surgeons are.

A particular advantage of the presented method is the
discovery of every interaction mode for a maneuver, i.e.,
every behavior produced by a driver due to a response
towards other road users (or the absence of interaction as
well) is represented by one of the clusters identified. This
is an extremely valuable information, obtained without any
kind of hypothesis about how or why the agents interacted
with others.

A. Related works

There is a multitude of different motivations leading to
the tentative of extracting drivers’ behaviors from raw data,
for analysis of the discovered results or just to reproduce
them. In [3] an inverse reinforcement learning method is used
to learn driving styles from demonstration. Nine different
features are considered, including jerk, acceleration, collision
avoidance and lane centrality. The main goal was really to
reproduce the behavior learned from multiple drivers, not to
compare the differences from each driver. Another example
of cluster representation approach is [4], where ensembles
of trajectories represent modes of intent to be predicted.

Initial attempts to cluster together trajectories using their
velocity profiles were made by proposing different compar-
ison metrics. In the first case, [5] proposed to indirectly
use the velocity during clustering with a Euclidean distance
calculated in a window of points, and then applied it to a
nearest neighbor and DTW algorithms. [6] actually cluster
the data from different segments of a trajectory to predict the
future velocity profile and try to optimize fuel consumption;
which is similar to [7], with the only difference that the latter
also uses the longitudinal acceleration for the clustering.
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However, it is known that these kind of methods are not
capable of separating the profiles efficiently, as it will be
shown in the results. Similar methods can also be seen in
[8], where a complete trajectory is separated in parts and
then clustered with a DBSCAN-inspired approach. A more
complete review of metric methods can be found in [9] and
[10].

There are two other general approaches for driver behavior
discovery: probabilistic-based and learning-based. In [11],
a mixture of Hidden Markov Models (HMM) is used to
represent each possible behavior profile. An Expectation-
Maximization (EM) algorithm is then used to estimate the
mixing coefficient and the parameters of each state for
all HMMs. As a drawback this method could have wildly
different number of clusters for similar scenarios, and also
the meaning of each HMM’s state is a priori unknown. The
work in [12] follows the same approach and applies the
clusters to predict behaviors at intersection. Specifically, it
uses a polynomial regression mixture, where an EM algo-
rithm calculates the allocation of each sample to a specific
cluster and then it optimizes the polynomial that represent
the cluster’s centroid. [13] generically discover the minimal
set of trajectory subsections that can represent its entirety
and [14] used a variational Gaussian Mixture Model (GMM)
to classify the maneuvers in a highway of the surrounding
vehicles with predefined class labels and motion models.

A deep-learning approach to calculate the similarity of
trajectories is proposed by [15], where an encoder-decoder
architecture is trained to quantitatively evaluate the similarity
of urban trajectories that might present noise, missing points
or different sampling frequencies; however, this comparison
uses a higher view-scale than the one needed in this article.
In [16] an end-to-end clustering approach is presented,
improving the final results in comparison with the former
publication. With an architecture based on the seq2seq
publication [17], three different procedures are executed by
the network: the trajectory tokenization in the embedding,
its reconstruction by the decoder and finally the cluster
classification. Following an embedded information approach
than an explicit comparison between trajectories, [18] uses
two different networks to cluster the behavior of vehicles, the
first one an encoder-decoder with a 3D convolution network
as encoder to compact the position and time into a single
representation and a second RNN-based network where the
resulting hidden vector is also combined to cluster the data.
And [19] produced a topological map with nine six different
parameters (lateral and longitudinal velocities included) from
59 demonstrations on simulation to optimize the t-SNE
representation of the results and subsequent clustering using
a GMM.

All the cited methods use, in some form, the velocity into
its proposed clustering, but none use the dynamic charac-
teristics of a nonholonomic vehicle nor they separate the
positional clustering influence from the inherent longitudinal
profile each driver may have. Thus, the main contributions of
this paper lies in the capability to cluster only the longitudi-
nal information of vehicles to first confirm that drivers adopt

a wide range of possible speed / acceleration profiles during
the driving task and to (in a procedural manner) obtain such
different behaviors. Section II details the similarity measure
used while section III explains how the clustering is done.
The results are reported in section IV.

II. DYNAMIC ANALYSIS OF LONGITUDINAL CLUSTERS

Dealing only with the longitudinal information of tra-
jectories assumes that the data is already structured into
different macro-maneuvers1. This is the scope considered
here: all data used has been already processed into specific
maneuvers detected in their respective scenarios. Figure 2
shows the maneuver 0 from scenario 0 of the InD dataset
[20]. The clustering method to determine the set of trajectory
samples for each maneuver was proposed in [21], which
made important improvements over [7].

Fig. 2: Example of macro-maneuver (from InD dataset [20])

A. EKF to determine similarity

Each trajectory considered is composed by its position
(sx,t, sy,t), orientation (θt) and the longitudinal information
(velocity and acceleration, vlont

, alont
), as represented in

equation (1), where Sk indicates the sample considered and
Tj the duration of the trajectory j. The state vector xj(t)
(from now onward represented as xt) and the control vector
uj(t) (ut) are defined in equations (2) and (3), where φt
represents the steering angle signal.

rj =
[
(sx,t, sy,t, θt, vlon,t, alon,t)j

]
,∀t ∈ Tj , j ∈ Sk (1)

xj(t) = [sx,t, sy,t, θt, vlon,t] (2)
uj(t) = [alon,t, φt] (3)

KF-derived methods are used for prediction under the
assumption that observation and measurement noises can be
approximated by Gaussians [22], enabling the membership
calculation from a trajectory to a certain cluster. Smoothing
is also possible, since the entire trajectory is known, but
unnecessary given how the EKF will be used and also the
higher computational demand in comparison. Equations (4),
(5) and (6) through (8) show the EKF framework, with

1Macro-maneuver combines multiple atomic maneuvers: in Figure 2 the
turn left can be decomposed into keep lane plus turn left. From this point
on it will be referred simply as maneuvers.
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zt being the observation vector. Convergence is assured
according to [23].

µ̄t+1 = T (µt,ut) (4)

Σ̄t+1 = Gt+1ΣtG
T
t+1 +R (5)

Kt+1 = Σ̄t+1H
T
t+1 · (Ht+1Σ̄t+1H

T
t+1 +Q)−1 (6)

µt+1 = µ̄t+1 +Kt+1(zt+1 − h(µ̄t+1)) (7)
Σt+1 = (I −Kt+1Ht+1)Σ̄t+1 (8)

The prediction model for the task at hand, T (µt,ut),
can be seen in (9): the kinematic bicycle model without
slippage for vehicle nonholonomic movement using front-
wheel driving, where lj is the wheelbase of the vehicle. The
matrix G in equation (5) is the Jacobian from equation (9)
and can be seen in [24] (H as well).


ẋt+1 = vt cos θt cosφt

ẏt+1 = vt sin θt cosφt

θ̇t+1 = vt
lj

sinφt

v̇t+1 = alon,t

(9)

The comparison is achieved using the trajectory from the
sample being considered, xt, to calculate the steering angle
φt and the acceleration used in ut at equation 4 for the
prediction step from the current cluster centroid. Multiple
steps are predicted until the update, where the real centroid
trajectory serves as observation.

Equations (7) and (8) are the update correction for the
prediction. Since the trajectory data used here was acquired
with a 25Hz system (drone camera), each data time-step
takes 40ms; the EKF prediction is executed in 10ms steps
(four predictions between data-points available) and it is
updated every 80ms. This design choice is important to
propagate the errors from a sample that should not be in
the cluster being tested.

To calculate the steering angle, the controller in (10) was
implemented from [25]. k is the gain, dlat is the lateral
distance between the current position and the target point,
which is the next iteration point and θtr the reference di-
rection (calculate using the current and next point of the
trajectory). The controller results in a global asymptotically
stable equilibrium at dlat = 0 for vlon,t > 0 and 0 <
(θtr − θt) < π

2 [25].

φt+1 = (θtr − θt) + arctan

(
k · dlat

vlon,t

)
(10)

B. Membership calculation

The Mahalanobis distance dM,t, equation (11) is cal-
culated after a certain number of sequential predictions,
creating a gap between the real centroid state and the one
predicted with the sample information. As it happens, this
distance is distributed according to the χ2

n(δ2) distribution
[26], specifically a centered chi-squared with four degrees
of liberty: χ2

4. A very practical use of this distance can be

seen in [27] where it is used to verify the integrity of a
region of interest to detect moving objects using a LIDAR,
or in [28], using the distance to increase the robustness of
the estimations done by an EKF implementation.

d2M,t = (zt − µt)T ·Σ−1t · (zt − µt) ∼ χ2
n (11)

The membership of a certain sample trajectory can then
be calculated before the update step using the distance given
by (11), with zt being the state of the centroid trajectory at
the current time-step. At time t, the membership probability
from the sample to the cluster represented by the centroid xci
is given by equation (12). The probability at the right side
of (12) is the cumulative distribution function (c.d.f.) from
χ2
4, representing the probability that the distance between the

estimated state and the observed one is higher than what was
obtained by the EKF.

p(xt ∈ Ci|xci) = 1− p(d ≥ d2M,t) (12)

As the final product of the comparison, p(xt ∈ Ci|xci)
will look something like Figure 3 for the case where the
trajectory tested (in red) does not belong to the cluster whose
centroid has a longitudinal velocity profile shown in blue. On
the opposite, Figure 4 shows a sample trajectory that does
belong to the cluster, fact made clear by the high probability
calculated and displayed in purple.

Fig. 3: Two trajectories from different clusters

Fig. 4: Two trajectories from the same cluster

III. OPTIMIZING CLUSTER DISTRIBUTION

Two different quantities will be evaluated by the proposed
algorithm: the number of clusters in the studied data and the
similarity between each element inside the cluster, which is
represented by p(xt ∈ Ci|xci) , for t ∈ Tj , the probability
that at time t the sample is similar to the cluster’s centroid.
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This membership probability is not a practical metric to work
with the expectation-maximization (EM); the negative log-
likelihood (equation (13)), with xci being the centroid of
Ci (ci indicating the element from Ci that is the centroid),
compresses the time series into one scalar.

nll(xj |xci) =

T∑
t=0

− ln [p(xt ∈ Ci|xci)] (13)

Another advantage from the equation (13) form is that if
the probability at any point in time goes to zero, nll goes to
infinity, thus being a clear marker that the sampled trajectory
evaluated does not belong in the cluster being tested.

A. Negative log-likelihood minimization

Following the structure of an EM method, the first step is
to minimize nll(xj |xci) for each sample being considered
using all the current centroids. Simply put, to search for the
best cluster possible for each sample. Considering p(xj ∈
Ci|xck) as the probability that the element xj belongs to the
cluster Ci given xck as centroid, the EM algorithm consists
in the expectation phase, equation (14) and the maximization
step in equation 15. Firstly, the expectation of xi belonging
to cluster Ci given that the centroid used was xk is calculated;
and finally, with the cluster elements defined the calculated
expectation expression is maximized by choosing the optimal
centroid xk for each cluster [29].

µll = ECi|xj ,xck
[ln p(xj ∈ Ci|xck)] (14)

xck = arg max
xck

[
ECi|xj ,xck

ln p(xj ∈ Ci|xck)
]

(15)

Since the EKF comparison presented in the subsection II-
B calculates p(xj ∈ Ci|xCi), this operation becomes a hard
clustering (in opposition to a soft clustering like C-means,
where the samples are assigned multiple partial membership
probabilities instead of a single one). Hence, equation (16)
displays the allocation of elements in the best cluster possible
by minimizing the negative log-likelihood and equation (17)
shows the selection of the new centroid by minimizing the
sum of log-likelihoods from the other elements of the cluster.

Ck(xj) = arg min
Ck∈C

[− ln p(xj ∈ Ck|xck)] , ∀xj ∈ Ck (16)

xck = arg min
xCk

[∑
xk

− ln pt(xi, Ck|xck)

]
(17)

From now onward the probability p(xj ∈ Ck|xck) will be
expressed by p(xj |xck).

B. Splitting and merging clusters

Until this point, only half of the problem was cov-
ered, hence the uncertainty about the number of clusters
needs to be addressed. At the beginning of the allocation-
minimization process proposed in subsection III-A, and every
time that a cluster member or more have an nll equal to
infinity, it is reallocated to the next best cluster. If all possible

allocations result in infinity, then another cluster is created
just for this element. This is the first mechanism to change
the number of clusters.

In addition, two other criteria are necessary, one to split
the clusters, and another to merge them. The method that
will be proposed came from the realization that one could
use the Kullback-Liebler (KL) divergence (equation (18)) to
compare the similarity of cluster(s) before and after splitting
a cluster (or merging two), as [30] does. In (18) both P and
Q are probability distributions defined on the same sample
space.

DKL(P ||Q) =
∑
x∈X

P (x) · ln
(
P (x)

Q(x)

)
(18)

To test if a cluster should be split in two, the elements
are separated using a simplified k-means with k equal to
2, establishing C[0]k and C[1]k , equation (19). New centroids
are chosen (C[0]

′

k and C[1]
′

k ) for both sets and the member-
ship probabilities are calculated (Q[0] and Q[1]). The KL
divergence is applied on the distributions C[i]k and C[i]

′

k in
equation (21), considering that the membership probabilities
are actually dependent on time, as indicated by the term xt
in the probability p(xt|xC[i]′k

).

Ck = C[0]k + C[1]k (19)
(20)

Dt
KL(C[i]k ||C

[i]′

k ) =

∑
xj∈C[i]k

p
(
xt|xc[i]k

)
· ln

p
(
xt|xc[i]k

)
p(xt|xc[i]′k

)

 (21)

Finally, if the criteria expressed by equation (22) is re-
spected, the cluster split is accepted and consolidated into
the main cluster set. DKL represents the average of Dt

KL
calculated in equation 21.∣∣∣DKL(C[0]

′

k ||C
[0]
k )−DKL(C[1]

′

k ||C
[1]
k )
∣∣∣ ≥ tKL (22)

The same procedure is done with the merging check-up,
but with the value calculated by equation (22) being smaller
than the threshold tKL. At the end of the execution loop for
equations (16) and (17), all the resulting clusters are tested
to check if the pairs that are most similar (nll between their
centroids) should be merged. If no changes are detected, the
split hypothesis is tested (as depicted in Figure 5), and if
there is change, then the EM algorithm is run again. The
clustering ends when there are no changes after checking
for the split and the merge of all clusters.

IV. RESULTS AND DISCUSSION

A. Methodology

The code used to implement and test the methods proposed
was done in Python using scikit-learn and numpy. All calcu-
lations were done using a AMD 7950X processor. The noise
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EM-algorithm
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Split
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No change
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Fig. 5: Clustering architecture proposed

parameters for the EKF are displayed in equations (23) and
(24); the trajectories were obtained from InD dataset scenario
0 (data-batches 00 to 06).

R =
[
0.01 0.01 0.005 0.01

]
· I4 (23)

Q =
[
0.05 0.05 0.01 0.1

]
· I4 (24)

B. Analyzing the common clustering result

In light of this new method to obtain vehicles’ behaviors,
the final results from [7] need to be checked. Table I shows
the evaluation using the average DB score proposed in [21]
and the number of infinite nll clusters.

TABLE I: Results using [7] clustering for maneuver 0

nk Avg. DB nb. inf. nll. nk Avg. DB nb. inf. nll.

2 1.38 74 16 0.7 47
3 0.92 68 17 0.72 33
4 0.90 68 18 0.68 33
8 0.81 71 22 0.64 42
9 0.78 72 23 0.65 41
10 0.83 48 24 0.65 41
13 0.76 48 27 0.67 39
14 0.69 48 28 0.60 40
15 0.71 48 29 0.61 40

There are 146 trajectories for this maneuver, displayed
in Figure 2. For any value of nk tested no less than 33
points were considered as having infinite nll, meaning that
the distance metric chosen for the clustering is not capable
to capture the differences between trajectories. According to
the DB score used the optimal number of clusters is 28, but
this can be considered as an effect of the high cluster count,
not a better clustering since the score decreases progressively
with the increase of nk.

In Figure 6 one of the worst cases from the agglomerative
clustering can be seen (nk = 20), and it is clear that there
are multiple behaviors merged in this simple cluster.

C. Full redistribution of samples

Due to space constraints, the analysis will be restricted
to only a few maneuvers, starting with the one shown in
Figure 2. The methods proposed in sections III and IV

Fig. 6: One of the clusters obtained with nk equal to 20 for
maneuver 0 using the agglo. clustering

depends upon two parameters: the initial clustering orga-
nization and the split-merge threshold, tKL. As a starting
point for the algorithm, four different clustering results were
used, obtained with four methods: agglomerative clustering,
partition around medoids, dissimilarity matrix clustering [7]
and spectral clustering, together with an tKL equal to 4 and
different number of initial clusters, nik. All trajectories were
rectified to start and to end at approximately similar points.
This allows the algorithm to concentrate on the common
parts of each trajectory, and avoid any detection problems
from the original video source (from the InD dataset). The
symbol µll represents the average nll from all clusters (and
σll the standard deviation) and nfk the final number of
clusters after execution (Figure 5).

The best result came from the initial nk equal to 9 from
the PAM because it has the lowest µll + σll. It can be seen
that there is still an influence from the clustering method
as both the starting point and the parameter tKL have an
importance on deciding the tightness of each cluster (lower
values means more clusters).

TABLE II: Clustering results for maneuver 0 (nik being the
initial nk and nfk the final one)

ni
k µll σll nf

k ni
k µll σll nf

k ni
k µll σll nf

k

Agglomerative clustering
2 27.32 38.02 32 6 27.01 41.14 33 10 35.11 49.58 25
3 27.74 41.84 33 7 31.92 43.64 27 11 35.80 50.01 26
4 34.59 46.71 26 8 29.68 42.43 30 12 38.72 55.13 24
5 33.13 46.44 28 9 32.00 43.77 28 - - - -

Partition around Medoids (PAM)
2 37.16 51.50 23 6 29.68 41.17 30 10 37.47 50.10 23
3 39.01 53.84 23 7 33.60 48.32 27 11 37.07 50.40 23
4 33.81 43.20 27 8 32.12 42.61 28 12 32.45 56.14 29
5 29.78 44.38 29 9 27.96 33.59 30 - - - -

Dissimilarity matrix k-means
2 31.02 43.52 29 6 31.64 42.46 28 10 26.88 39.07 31
3 37.84 48.91 25 7 36.51 49.76 25 11 31.60 43.57 28
4 36.92 53.99 24 8 39.20 51.69 23 12 27.86 46.26 32
5 32.32 42.87 27 9 35.56 50.62 25 - - - -

Spectral clustering
2 38.20 52.11 23 6 29.36 40.66 31 10 29.87 42.07 30
3 30.35 43.24 30 7 36.29 50.88 25 11 34.04 48.03 26
4 30.68 43.37 29 8 34.61 48.27 26 12 34.88 46.51 25
5 41.56 50.94 24 9 35.67 45.55 26 - - - -

Three of the clusters are presented in Figure 7 together
with their centroids longitudinal velocity in Figure 8 (please
refer to the digital version for a better visualization). The
differences in velocity between each cluster are clear in
the Figure 8, the right most plot displaying a vehicle that
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stopped before crossing while the leftmost plot shows a direct
trajectory, without any interaction. An in-between behavior is
presented by the middle plot, reduction in speed but without
stopping.

Fig. 7: Four clusters from maneuver 0 result

Fig. 8: Lon. velocity for the centroids from Figure 7

Two other maneuvers were tested: a turn left (Figure 9a)
and a straight maneuver (Figure 9b). For the turn left the
results for the agglomerating starting point are displayed in
Table III and two specific clusters are shown in Figure 10.

TABLE III: Results for the turn left maneuver

ni
k µll σll nf

k ni
k µll σll nf

k ni
k µll σll nf

k

2 22.70 36.63 23 6 23.35 35.56 22 10 29.81 59.96 21
3 23.61 35.24 23 7 35.53 56.08 16 11 21.90 41.26 26
4 29.19 43.63 19 8 39.26 76.56 15 12 24.88 43.00 22
5 27.41 42.60 20 9 39.52 56.61 14 - - - -

In Figure 10a all samples stopped before crossing the
intersection. Opposite to this behavior, Figure 10b displays
trajectories that continue only reducing their speed to execute
the turn left maneuver.

There is no lack of samples for the maneuver in Figure 9b,
containing 532 trajectories. But in this case the agglomerative
starting point could not differentiate between the longitudinal
characteristics, which made the job of optimize the clustering
and determining the best number of clusters a lot harder. The
agglomerative method starting point that had the best DB
score (8 clusters) was mostly concentrated into one single

(a) Turn left maneuver (b) Straight maneuver

Fig. 9: Additional maneuvers from scenario 0

(a) Stop before crossing (b) Crossed directly

Fig. 10: Lon. velocity profiles and heat-maps from 9a

cluster (541 samples) and the rest only containing one or two
samples. Due to this difficulty, the spectral method presented
a better starting point for the clustering (Table IV).

TABLE IV: Results for the straight maneuver

ni
k µll σll nf

k ni
k µll σll nf

k ni
k µll σll nf

k

Agglomerative clustering
2 4.78 12.98 11 6 5.07 11.41 11 10 4.88 10.23 11
3 3.71 13.21 12 7 5.14 9.51 11 11 3.99 9.85 12
4 4.25 10.08 12 8 7.00 14.89 9 12 4.39 12.03 11
5 5.04 11.26 11 9 5.41 14.39 12 - - - -

Spectral clustering
2 5.07 11.41 11 6 3.79 12.50 13 10 4.80 10.80 11
3 2.96 7.32 14 7 3.07 9.05 14 11 5.26 14.49 10
4 5.47 15.60 10 8 6.67 12.84 10 12 4.14 12.92 11
5 7.97 14.38 8 9 9.23 17.20 8 - - - -

The best result according to Table IV was the nk equal to
3. There is a predilection for the spectral cluster initialization
for straight line maneuvers actually, since the same type of
result was observed for other maneuvers of the same type.
As an example, Figure 1 shows two clusters in different
extremes, one with high speed and another with a continuous
breaking.

D. Grouping trajectories in semantic significant behavior

Assuming that the behavior profiles obtained via the clus-
tering discussed are mostly influenced by the assertiveness
of a road user and what interaction it describes, all clusters
can be structured in function of one of these factors. For the
turn left maneuver from Figure 2, all the profiles obtained
in Table III (30 clusters) are separated using the centroids
obtained previously.

Two clustering operations are executed with the centroids,
with a fixed nak for the assertiveness and a certain number of
interaction clusters, nik, where nak ·nik = nk−c (c adjusts the
multiplication, all pairings are necessarily observed). There
are 30 optimal clusters, defining 4 different assertiveness pro-
files and 8 interaction ones. The assertiveness clustering was
done using three features: the initial longitudinal velocity, the
period in witch the longitudinal acceleration stayed below -2
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(a) Assertiveness profiles

(b) Interaction profiles

Fig. 11: Behavior profiles for turn right

m/s2, and lastly, above 1.5 m/s2. These three features were
normalized and clustered using the agglomeration algorithm,
resulting in the Figure 11a.

All clusters contain a range of different interactions, from
slowing down to turn to stop altogether. As expected, the
cluster that have a more aggressive result starts with a
higher velocity and/or has a higher absolute acceleration
while all behaviors on the conservative class got close to
stopping or stopped before the intersection. Each name for
the assertiveness profiles was given considering the average
longitudinal velocity; thus, the order was aggressive, normal
0, normal 1 and conservative. For normal 0 no clusters that
stop were detected, meaning that the data possibly did not
capture all possible trajectories. As an example, for the turn
left, all the behaviors were captured (Figure 12, Table III).

Fig. 12: Assertiveness profiles for turn left

To obtain the interaction clusters in Figure 11b, two fea-
tures were used, in the same operation: a velocity reduction
factor, the minimal velocity from each sample divided by
its velocity, and the time below 1 m/s. The approach taken
here to detect and catalog different interaction profiles con-

centrated itself on the ego-vehicle, without trying to explain
every behavior, providing a wide range of possibilities. In
Figure 11 there are multiple instances of interactions, from
profiles 4, 3, 7 that reduce their speed to 2, 0, 1 that stopped
completely during different times. This approach to obtain
all modes of interaction for maneuvers is similar to [31],
discovering from data instead of from hand-crafted method
as in [32].

E. About initialization and convergence

Throughout the procedure, two main points need to be
commented: tKL for each maneuver and the clustering con-
vergence to a local minimum. Since the KL divergence
comparison proposed in section III was done using the entire
predicted state, i.e. equation (2) and that each trajectory has
a range of possible lanes to use, it does make sense to use
different values of tKL per maneuver. A simple exploration
process was executed to discover the right interval for this
constant. For the turn right it was 4 (Figure 2), given the
spread of possible positions at the trajectories’ end, 3 for the
turn left and 3.5 for the straight.

Another important point in the clustering procedure is the
method’s convergence. According to the algorithm in Figure
5 the final result is obtained only after passing through the
merge and split tests without any change in classification.
The EM algorithm is guaranteed to converge, but not the
split / merge transformation; sometimes the process also
ends up in a loop, at which point the result is considered
as final. However, given the procedure, only an asymptotic
convergence to a local minimal can be assured. And even
so, with the samples number increase comes a quadratic
computational cost. For example, to cluster the turn right
maneuver it took on average 2447.53±949.59 seconds with
199 trajectories, while for the straight maneuver it took
28999.2 ± 8982.91 seconds for 534 trajectories. During the
first iterations, the optimized variables µnll and σnll decrease
rapidly; afterwards the method keeps jumping from different
nk values and obtaining only marginal gains. It could be
beneficial to set a maximum number of iterations to stop the
procedure before this variation. To mitigate this increase in
complexity, during the centroid search in Figure 5 only the
30% closest elements are checked if the cluster has more
than 100 samples.

Finally, across the four initialization methods tested, there
is no clear preference. The same procedure needs to be
repeated with different nik values to obtain an optimal result,
given that convergence to a global minimum, where the final
values for µnll, σnll and nk would be always the same, was
not observed in our tests. Even the metric being optimized,
the sum µll + σll, is not ideal, since it is influenced by the
increase on the number of clusters. The merge operation can
counterbalance this effect, but it would be better to define a
metric that also incorporates the number of clusters.

V. CONCLUSIONS

The method proposed here uses the vehicles’ dynamic
characteristics to cluster multiple observations into different
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longitudinal behaviors, together with a probabilistic approach
to determine the number of categories that exist. An imple-
mentation based on EKF and Mahalanobis distance for the
clustering and the KL divergence for the determination on the
number of clusters produced for three different maneuvers
the distinct longitudinal behaviors expected. However, one
drawbacks became evident from the obtained results: the
convergence is dependent on tKL, which is itself unique for
each maneuver and not easily obtained.

Next steps involve using the obtained clusters to improve
the prediction quality of some existent algorithm. Also,
these longitudinal clusters will be used to train models for
interactive independent agents, creating viable simulations
for AV decision making evaluation.
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