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A Probabilistic Approach to Situated Acoustic Road
Event Detection
M.J.W. Legters
m.j.w.legters@student.tue.nl, ID 0816149

Abstract—We address the problem of situated acoustic road
event detection. We present a general probabilistic framework to
detect and annotate acoustic events. The framework relies on two
generative probabilistic models – a “good” model that will learn
the characteristic on-the-spot (“situated”) acoustic dynamics, and
a baseline model – on which we run signal processing tasks.
We define the involved signal processing stages in the approach
(parameter estimation, state estimation, and model comparison)
as probabilistic inference tasks. We introduce generative models
focusing on the characteristic acoustics on the road, allowing
us to validate the framework for acoustic road event detection
specifically. Our experimental results show that we are able to
detect acoustic road events such as a crash and tire slipping using
our presented probabilistic framework.
Index Terms—Bayesian Machine Learning, Inference, Variational Free Energy, Factor Graphs, Sum-product Message Passing, Variational Message Passing, Bayesian Model Comparison,
Acoustic Event Detection

I. I NTRODUCTION
OAD traffic monitoring involves, amongst others, the detection of accidents or other hazardous events to quickly
intervene with emergency teams and to guarantee the safety
of people [1]. A reduction of time between an actual accident
and emergency team dispatch decreases the mortality rate by
approximately 6% [2], [3]. Many existing approaches to road
traffic monitoring are based on visual information by means of
surveillance cameras [4], [5], [6]. However, the use of cameras
has its limitations, for example due to occlusions, the limited
field of view of the camera, and varying illumination due
to weather conditions and changes between day and night.
Looking at those limitations, analysis of audio signals is a
complementary tool. For example, the use of microphones
and audio analysis is not affected by occlusions of varying
illumination. Combining the two may improve the detection
abilities of security systems [7].
Audio event detection can also be useful on its own. In very
large areas or along big roads, using microphones instead of
surveillance cameras can have positive impact on deployment
costs of a security system [8], as microphones can cover a
larger area while being cheaper than cameras [9]. In this work,
we design a framework for the detection of audio events, in
the context of monitoring road safety. Besides road accidents,
which are registered and taken into account for safety figures,
we also aim to detect abrupt maneuvers like tire slipping.
Despite not ending up in safety figures, they are also an
indicator of road safety.
Significant research effort has been put into audio analysis.
Survey papers [10] and [11] show a comprehensive analysis
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of existing methods. Many methods are data-driven, which recently tend to focus on the use of neural networks. This paper
focuses on a probabilistic, model-based approach. We present
a general automated framework for on-the-spot acoustic event
detection. The main idea of this framework is as follows. First,
we propose a probabilistic generative signal model. Next, we
fit this model to a situated acoustic environment. Once the
model is fit to the acoustic environment, we use it to predict
future observations based on past observations, and track its
performance in doing so. We also track this acoustic signal
against a baseline model, also resulting in a performance
measure. Finally, we compare the models’ performances to
detect events.
We use a probabilistic approach because of its conceptual
simplicity [12]. A model is supplied up front and consists
of simple sparse building blocks. This both favors the interpretability of the model and results. Furthermore, probabilistic
modeling incorporates uncertainty in a natural way. Also,
there is no need for a large annotated data set with sufficient
well-defined events upfront, as opposed to data-driven neural
networks.
The main contributions of this paper are as follows. First,
we present a general solution framework for the detection
of acoustic events. We describe the stages in this framework, i.e. parameter estimation, online state estimation, and
model comparison, as probabilistic inference tasks that can
be executed automatically by means of message passing.
Secondly, we validate this framework on a road application
by defining required models and applying it to data relevant
to this application.
The paper is organized as follows. In Section II we specify
our problem and introduce the proposed solution framework.
We specify the probabilistic models for our road event detection application in Section III. In these models, we use
factor graphs and message passing to execute inference tasks,
on which we elaborate in Section IV. Section V presents
our experimental results of the proposed approach with the
specified models. We postponed a discussion on related work
to Section VI, as we deem this better fit in the context of
our proposed solution. Next, Section VII reviews the results,
discusses limitations of the proposed methodology, and gives
directions for future work. Finally, Section VIII concludes the
paper.
II. P ROBLEM STATEMENT AND SOLUTION FRAMEWORK
The goal of this paper is to achieve automated on-the-spot
acoustic road event detection using probabilistic generative
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signal models. For this detection, we have a microphone at
a certain fixed location along or above the road that delivers
our acoustic signal. To achieve the goal, we propose a fully
probabilistic solution framework consisting of several stages.
These stages are (1) parameter estimation, (2) state estimation,
and (3) model comparison.
In this research, we consider an event to be an occasion of
unexpected deviation from characteristic behavior. In the scope
of our road application, we consider characteristic behavior to
be the sound of passing cars, which is typical to our application
environment and does not need to be considered as an event.
We need to take some expected deviation into account in
the characteristic behavior, as not all cars produce the same
sound. However, in the occasion of a crash or a slipping car,
we no longer speak of characteristic behavior or an expected
deviation from it; this behavior was not anticipated on, and
therefore should be classified as an event.
During the first stage, we aim to capture the characteristic behavior mentioned in the previous paragraph. Using
a generative probabilistic model and the recording of the
characteristic behavior, in this case passing cars, we estimate
the parameters θ that capture this characteristic behavior. This
stage is visualized in Figure 1a. In the second stage, we fix
the parameters that we estimated in the first stage in the
model. Next, we run the model on microphone recordings that
now not necessarily only contain characteristic behavior, but
potentially also events we would like to detect. At the same
time, an uninformed baseline model that is not tailored to the
characteristic behavior is also run on the recording. This results
in a performance score for both of the models. This stage is
visualized in Figure 1b. In the final stage, model comparison
(MC), the metrics of both models are compared, resulting in an
output indicating whether an event was detected or not. This
stage is visualized in Figure 1c. Each stage can be expressed
as an inference task on a generative probabilistic model. We
discussed each stage and its corresponding inference procedure
in more detail below.
To define the aforementioned inference tasks representing
the stages, we base ourselves on a general generative model,
consisting of general random variables. Consider an observed
signal xn with time index n = 1 . . . N , modeled by dynamic
latent state sn and model parameters θ. Together, they form
the general probabilistic generative model m1 , given as
p (x1:N , s0:N , θ) =
N
Y
p (sn | sn−1 ) p (xn | sn , θ) . (1)
p (s0 ) p (θ)
{z
}|
{z
}
| {z } n=1 |
priors

state transition

likelihood

Now that we defined a generative model, we can formulate all
signal processing tasks as inference tasks on this generative
model.
A. Stage 1: parameters estimation
In the first stage of our framework, the parameter estimation stage, we aim to capture the expected behavior of our
environment: the passing cars on the road. We have made
an hypothesis on this expected behavior in the form of our

model. We perform parameter estimation on the actual location
where the event detection should take place so that we tailor
the parameters to the specific location. Based on a recording,
the model parameters θ that capture this on-the-spot behavior
are estimated through probabilistic inference on the model.
This inference task calculates the posterior probability of the
parameters θ, given the recording x1:N . The inference task
boils down to calculating

p (θ | x1:N ) ∝
Z
N
Y
p (θ) p (s0 )
p (sn | sn−1 ) p (xn | sn , θ) ds0:N .
n=1

(2)

B. Stage 2: state estimation
During state estimation, which is the second stage, we use
our model from (1) and update our model prior using the
learned parameters from (2). During state estimation, we are
computing estimates for the next state in the model in an
online, continuous fashion. At the same time, we compute
an evaluation of the current model performance. In order
to achieve the state estimates, i.e. computing the posterior
p (sn | x1:n ), we apply Bayes rule [13]. Also, we take the
model definition (1) into account, along with its recursive
nature. This sequential Bayesian updating leads to the posterior
state update equation, which makes use of the ChapmanKolmogorov integral [14]. This inference task is given by
p (sn | x1:n ) p (xn | x1:n−1 ) =
{z
}|
{z
}
|
posterior
evidence
Z
p (xn | sn ) p (sn | sn−1 ) p (sn−1 | x1:n−1 ) dsn−1 .
{z
}|
{z
}
| {z } |
likelihood

state transition

prior

(3)
In (3), the terms on the right-hand side are given after xn
has been observed; the state transition and the likelihood are
a result of the defined model. The prior is inferred recursively
based on initial prior s0 , as the posterior of the previous time
step serves as prior for the current time step. The task here is to
compute the terms on the left-hand side. The posterior includes
the estimate for the next state in the form of a probability
distribution, and therefore fulfills the task of the second stage.
The other left-hand side term is the model evidence, a scalar
value that serves as a measure for how well the model predicts
the current observation, based on past observations. While
estimating the states, we aim to keep track of the evidence
as a metric of how well the model performs on the data, as
we need this for the model comparison stage.
While the evidence can be recursively updated in the case of
simple models, like linear Gaussian models [14, p. 57], in more
complex models, the involved integrals in the inference task
can become intractable due to non-conjugate prior-posterior
pairing, for example. To circumvent this intractability, we use
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Figure 1. A schematic overview of the proposed solution framework, showing the three stages, being parameter estimation (a), state estimation (b), and
model comparison (c). During parameter estimation, the parameters θ of the main model m1 that describe the characteristic behavior of the environment are
estimated. During state estimation, the main model m1 (with the estimated parameters θ) and a baseline model m2 are run on the input data, resulting in
a score of the performance of both models. During the model comparison (MC) stage, the performance of both models is compared, outputting whether an
event is detected or not.

an approximate distribution for the latent states sn instead.
Consider the variational free energy functional, given by
Z
q (sn )
Fn [q] , q (sn ) log
dsn
(4a)
p (sn , xn | x1:n−1 )
Z
q (sn )
= − log p (xn | x1:n−1 ) + q (sn ) log
dsn ,
p (sn | x1:n )
|
{z
} |
{z
}

To still benefit from the closed nature of the Bayesian model
comparison approach, we do define a second model. This
model specifies the same data x1:N , but with different states
z1:N , and has a simple, mediocre nature. It is acting as a
baseline model. This probabilistic generative baseline model
m2 is defined as

(4b)

On this model, we also apply the inference task (3), which
besides the state updates again supplies us with the evidence.
This allows us to make the model comparison and consequently draw conclusions, despite not having a specific event
model. This comes down to computing

log-evidence

KL divergence ≥ 0

where q (sn ) is this approximation of the posterior distribution
of the states. The variational free energy is an approximation,
more specifically an upper bound, to the negative log-evidence.
As the KL-divergence term in (4) is non-negative by definition
and only equals zero if q (sn ) = p (sn | x1:n ), and the logevidence term in (4) is independent of q (s), minimization of
Fn [q] with respect to q leads to approximations for both the
evidence and the posterior state distribution, which are the
unknowns in (3).
C. Stage 3: model comparison
We have now a learned model for passing cars and apply
it to the data via state estimation, while also keeping track of
(the approximation of) the evidence as a performance measure.
It is now time to perform the event detection.
In a fully Bayesian approach, model performance is evaluated through Bayesian model comparison, the Bayesian version of hypothesis testing. In stage 3, the model comparison
involves computing the ratio between the posterior model
probability for a certain model and an alternative one. This
gives us an indication of how well one model matches the
data, relative to an alternative model.
In the scope of our application, ideally, we use the following
two models. First, we have m1 from (1) with the inferred
parameters θ from the parameter estimation stage (2) as fixed
parameters. This generative probabilistic model incorporates
the characteristic acoustic behavior. Secondly, as an alternative
model, we ideally have a signal model for events specifically.
However, we do not have any specific information about the
events that we want to detect. Any signal not matching the
acoustic environment could potentially be an event. We are
detecting anomalies in the environmental acoustic dynamics.
We cannot model the potentially broad spectrum of anomalies.

p (x1:N , z1:N , θ) .

(5)

p (x1:N | m1 ) p (m1 )
p (m1 | x1:N )
=
·
,
p (m2 | x1:N )
p (x1:N | m2 ) p (m2 )
{z
} |
{z
} | {z }
|
posterior ratio

evidence ratio

(6)

prior ratio

where p (mu ) is the prior model probability for models
u ∈ {1, 2}, subject to p (m1 ) + p (m2 ) = 1. If the posterior
probability ratio is larger than 1, i.e., m1 outperforms m2 , we
are dealing with characteristic behavior, or expected deviations
thereof. However, in the case of a ratio smaller than 1,
m2 outperforms m1 . The baseline model then matches the
data better than the complex model that incorporates the
characteristic behavior. This means that the data unexpectedly
deviates from characteristic behavior, and therefore we are
dealing with an event at that point, according to our definition.
As we have mentioned, the involved integrals in the calculation of the evidence, which we need for inference task (6),
can become intractable due to non-conjugate prior-posterior
pairing, for example. To circumvent this intractability, we use
the variational free energy introduced in (4) to approximate
the evidence terms in (6). Using this approximation in combination with the fact that posterior model probabilities of both
our models add up to one, we can rewrite (6) to
−1

p(m )
F −F −log p(m1 )
2
,
(7)
p (m2 | x1:N ) ≈ 1 + e 1 2
where F1 and F2 represent the variational free energy in
m1 and m2 , respectively. p (m2 | x1:N ) now represents the
posterior model probability of m2 , hence the probability of an
event, and is the embodiment of our event detection.
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III. M ODEL SPECIFICATION
The proposed methodology in Section II depends on two
probabilistic generative signal models. In this section, we
further specify both of these generative
For these
 1models.
>
2
∈
models, we consider the signal xn = xn , xn , . . . , xM
n
RM , where every x ∈ R represents a log-power spectrum
coefficient, n = 1, . . . , N specifies the discrete time indices,
and M is the amount of log-power spectrum coefficients per
time step. First, we define the main model m1 , which captures
the characteristic behavior of our application environment.
Secondly, we give a specification of our baseline model m2 ,
which serves as the mediocre counterpart in the model comparison.
A. Main model
The main model captures the characteristic behavior of the
environment. In our case, we choose to base our model on
the physics of cars passing by. The model decomposes our
observations into a characteristic sound profile on the one
hand, and a dynamic gain on the other hand. We first describe
the observation model as a function of this sound profile and
gain, followed by specifying the modeling of this sound profile
as well as the gain.
1) Observation model: In our observation model, we aim
to model the physical situation at a fixed signal sensor when
a car is passing by. We take into account two aspects here:
the sound of a car, and the passing motion. We capture the
characteristic sound of a car by means of a sound profile. A
sound profile reflects the relative presence of frequencies in the
sound over the spectrum, forming a characteristic footprint of
this sound. As a car approaches, the sound will get louder, and
it will dampen again once the car has passed. Louder sound
means that signal amplitude has increased, while keeping the
same frequency content. Therefore, we model the presence
of motion relative to the sensor as a time-varying gain that
multiplies the amplitude of the whole spectrum, i.e. the sound
profile. Because we are working in the log-power domain, the
multiplicative dependencies become additive. This leads to the
likelihood function
p (xn | h, gn ) = N (xn | h + gn 1M , Λx ) ,

(8)

where h ∈ RM is the time-invariant sound profile, gn ∈ R is
the gain at time index n, 1M is a column vector of M ones,
Λh is a diagonal precision matrix of the observation noise, and
N (· | µ, Λ) is the Gaussian distribution with mean vector µ
and precision matrix Λ. This observation model extends to an
arbitrary number of coefficients M .
2) Sound profile: The goal of the sound profile is to model
the characteristic sound pattern in terms of log-power spectrum
coefficients. As the pattern will not exactly be the same for
every car, we expect deviations, and therefore we want to
retain uncertainty in this model. We model the sound profile
h as a multivariate Gaussian using
p (h | mh , Wh ) = N (h | mh , Wh ) ,

(9)

×M
where m ∈ RM is a vector of means and W ∈ RM
is the
+
precision matrix. We have chosen to denote a matrix with a

bold capital letter, as we use regular capital letters for upper
bounds on variables. If we would infer the parameters mh and
Wh , this would lead to incorrect estimates of the precision that
do not reflect the uncertainty of sound profile parameters we
require. In order to retain the required uncertainty, we also treat
the sound profile parameters mh and Wh in (9) as random
variables, using
p (mh ) = N (mh | µ, Λ)

(10a)

p (Wh ) = W (Wh | V , ν) .

(10b)

Here, W (· | V , ν) is the Wishart distribution with scale
matrix V and ν degrees of freedom. This distribution forms
a conjugate prior with the precision matrix of a Gaussian
distribution in case of a fixed mean, allowing closed-form
relations between prior and posterior distributions.
3) State transition: We use the gain gn to represent the
motion relative to the signal sensor. As a car approaches the
sensor, the amplitude of the signal – and therefore the signal
energy – will increase. Likewise, when a car has passed, the
amplitude will decrease again. As this motion happens in a
gradual manner, we assume this behavior to be a Markov
chain. More specifically, in our model we assume the future
states to follow a one-dimensional Gaussian random walk,
limiting the amount of change in gain per time frame. It is
therefore modeled as
p (gn | gn−1 ) = N (gn | gn−1 , γg ) ,

(11)

where γg ∈ R+ is the precision of the process noise.
4) Model summary: In summary, the generative probabilistic model for the signal of log-power spectrum coefficients is
given by the set of equations (8), (9), (10a), (10b), and (11),
and explicitly by the joint probability distribution
p (x1:N , g0:N , h, θh ) =
p (g0 ) p (h | θh ) p (θh )

N
Y

p (xn | h, gn ) p (gn | gn−1 ) ,

n=1

(12)
where θh = {mh , Wh } are the parameters of the sound
profile model and p (θh ) = p (mh ) p (Wh ). This distribution
matches the probabilistic generative model definition in (1).
B. Baseline model
For our baseline model, we use (1) as a starting point, but
apply some simplifications. We omit the parameters, as well
as the time dependence of the state, which leaves us with an
observation model and a state. We will now shortly detail both.
The baseline model works with the same observations x1:N
as the main model. We assume the observation to be a noisy
version of the state. This leads to a likelihood function given
by
p (xn | z) = N (xn | z, Λx ) ,
(13)
M ×M
where z ∈ RM is the latent state, and Λx ∈ R+
is a
diagonal precision matrix for the observation noise.
The other simplification has been made regarding state,
where we omit the time dependence. The model is fed with a
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Figure 3. Forney-style factor graph representation of the model introduced
in (15). The arrowheads indicate the generative direction of the model.

Wh
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+

h

IV. P ROBABILISTIC INFERENCE

V
Λx

N

xn

Figure 2. One time segment of the Forney-style factor graph representation
of the model introduced in section III. The dashed edges indicate the temporal
connections for extensibility of the graph in a similar manner for other time
steps. The arrowheads indicate the generative direction of the model.

prior for the state on initialization, and this state is not updated
after that. This results in a state model
p (z) = N (z | µz , Λz ) ,

(14)

×M
where µz ∈ RM is the mean vector, and Λz ∈ RM
is
+
the diagonal precision matrix. The idea behind this model is
to create Gaussian distribution for each of the M log-power
spectrum coefficients. Introducing small values in the diagonal
precision matrix will lead to broad Gaussian distributions,
resulting in a comparable mediocre behavior for a large range
of observations. This is the requirement for the baseline model.
In summary, the probabilistic baseline model is given by
equations (13) and (14), and explicitly defined by the joint
probability distribution

p (x1:N , z1:N ) =

N
Y

p (zn ) p (xn | zn ) .

(15)

n=1

This concludes the specifications of general models m1
and m2 as defined in Section II. We use factor graphs to
illustrate the sparse conditional dependencies between the
random variables in our models. Figures 2 and 3 show the
factor graph representation of our main model m1 and baseline
model m2 , respectively. In the next section, we will give a
short overview of this type of probabilistic graphical model,
and present an efficient inference methodology based on this
representation.

Now that we have defined the two models, we can use them
in the proposed solution framework. In order to execute the
parameter estimation and state estimation stages, we use the
message passing paradigm on factor graphs as our probabilistic
inference approach. Factor graphs serve as a graphical tool to
visualize the probabilistic model, the inference tasks, and the
message passing algorithm. We use a combination of message
passing and factor graphs, as this allows an efficient, scalable,
automatable, and modular probabilistic inference approach
[15]. In this section, we present a short overview of factor
graphs and message passing algorithms.
A. Forney-style Factor Graphs
Factor graphs are graphical models that represent the factorization of a global function. Within the context of this paper,
the joint probability distributions specifying our generative
models are these global functions. Specifically, in this paper,
we focus on Forney-style factor graphs (FFGs). In these FFGs,
every local function, or factor, is represented by a node.
These nodes are interconnected by edges, representing random
variables. An edge is connected to a node if and only if the
random variable is an argument of the factor of this node [15],
[16]. Due to limited conditional dependencies in the global
function, the resulting factor graph has sparse connectivity.
Consider an example model p (x1 , x2 , x3 , x4 , x5 ) that we
would like to represent using an FFG. This example model
factorizes as
p (x1 , x2 , x3 , x4 , x5 ) =
fa (x1 , x2 ) fb (x2 , x3 , x4 ) fc (x3 ) fd (x4 , x5 ) ,

(16)

where the functions with alphabetical subscript indicate the
factors within the model. From (16), the FFG can be constructed based on the three visualization rules of [15], as shown
in Figure 4.
B. Sum-product message passing
Now suppose we want to calculate the marginal distribution
p (x2 ) of (16). If the model could not be factorized, the
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q1 (s1 )
q2 (s2 )

x4
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x5
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x2
→
−
−
µ x2 ←
µ
x2

x3
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x4

←
−
µ
x3

→
−
ν xj

qn (sn )

Figure 4. A Forney-style factor graph representation of (16).
x1

f

fc

Figure 6. Situational sketch of variational message passing at a factor node
f (s1 , s2 , . . . , sn ) with incoming messages q x\j and outgoing variational
→
message −
ν xj .

←
−
µ
x4
x5

fd

detailed explanation of sum-product message passing in FFGs
can be found in [17].
Figure 5. A Forney-style factor graph of (16), including the sum-product
messages for calculation of the marginal distribution of x2 , as indicated
in (18). In theory, an FFG is undirected. In this case, the edges have been
directed to distinguish between forward and backward messages.

marginal would be calculated using
ZZZZ
p (x2 ) =
p (x1 , x2 , x3 , x4 , x5 ) dx\2 .

(17)

However, as the model can be factorized, we can rewrite this
computation into smaller and more efficient steps. We plug in
the factorized form (16) into (17) and apply the distributive
law of integration. This rewriting of the marginalization leads
to
Z
p (x2 ) = fa (x1 , x2 ) dx1 ·
{z
}
|
→
−
µ x2

Z

ZZ

fb (x2 , x3 , x4 ) fc (x3 )
| {z } |
←
−
µ
x3

|


fd (x4 , x5 ) dx5 dx3 dx4 (18)
{z
}
←
−
µ
x4

{z

}

←
−
µ
x2

The global execution of (17) is now reduced to a set of lowerdimensional integrals, which can be interpreted as messages.
These messages are denoted by µ and can be computed locally
by the nodes. Figure 5 shows the messages given in (18) in the
FFG. In theory, FFGs are undirected, but in order to distinguish
forward and backward messages on the edges, we have added
arrows. The messages can be thought of as a summary from
the corresponding dashed box. By passing on the messages
between the nodes through the graph, inference is realized.
This example illustrates the idea of the sum-product rule.
The sum-product rule states that for an arbitrary given node
−
f (x1 , x2 , . . . , xn ) with messages →
µ x\j flowing in, the mes→
−
sage µ xj flowing out is given by
Z
Y
→
−
→
−
µ xj = f (x1 , x2 , · · · , xn )
µ xi dx\j .
(19)
i6=j

This sum-product rule is the core of the sum-product message
passing algorithm, also known as belief propagation. A more

C. Variational message passing
Sum-product message passing is an exact inference algorithm and can only be used in the case of tractable computations. However, non-conjugate relationships between variables
can lead to intractable computations. Due to our choice to
model the sound profile mean with a Gaussian distribution and
the sound profile precision matrix with a Wishart distribution,
we have such a non-conjugate relationship. In such cases, we
can resort to an approximate message passing algorithm, called
variational message passing (VMP) [18], [19].
Suppose that we have a generative model p (s, x), in which
the computation of the posterior distribution p (s | x) involves
some intractable computations. We therefore cannot compute
the posterior distribution p (s | x) exactly. VMP introduces an
approximate posterior distribution q (s), which approximates
the exact posterior and facilitates tractable computations. This
approximate posterior distribution is obtained through the
minimization of the variational free energy, which we’ve
already introduced in (4) in Section II.
Considering an arbitrary node f (s1 , s2 , . . . , sn ), it can be
shown [13], [18], [19] that minimization of the variational free
−
energy is achieved by sending variational messages →
ν of the
form


Z Y
→
−
qi (si ) log f (s1 , s2 , . . . , sn )ds\j  .
ν xj ∝ exp 
i6=j

(20)
Figure 6 shows a situational sketch of the node. Using these
messages, the approximate marginal qj (sj ) can be obtained
by multiplying the incoming and outgoing messages on the
respective edge sj as
−
qj (sj ) = →
ν sj · ←
ν−sj .

(21)

V. E XPERIMENTAL VALIDATION
Now that we have introduced the solution framework and
specified our models for road event detection specifically, we
turn to evaluating the proposed solution framework by means
of real data. As introduced in Section I, we use the scenario of

A. Data
The data that is used in this paper is twofold. First off, we
use audio recordings of cars passing by. These recordings have
been made using Sorama’s Listener64 at the main road N737
near Enschede, the Netherlands. The recordings have been
sampled at 32.5 kHz, and have a duration of 6 seconds each.
Next to these recordings of passing cars, we use a selection
of the MIVIA audio events data set [9], [20]. This data set
is composed of a total of 400 events for road surveillance
applications, containing tire skidding and car crashes, superimposed to a typical road background sound. The sounds have
been registered using an Axis T83 omnidirectional microphone
for audio surveillance applications, sampled at 32 kHz.
B. Implementation details
1) Data preprocessing: The data is first resampled to
16 kHz, as little information is present in the spectrum above
8 kHz. Next, an audio fragment is generated by concatenating
sounds of passing cars and sounds of events.
For our experiment, we have concatenated two different
fragments of a passing car (dubbed car1 and car2, taken
from the Sorama data set), a fragment of yet another car approaching followed by this car crashing (dubbed car3 + crash,
a custom-made combination of two single fragments taken
from the Sorama data set and the MIVIA data set), and a
slipping car (dubbed slip, taken from MIVIA data set), in
that respective order. This results in a total length of about
25 seconds. The choice of the fragments of passing cars was
made with the gradual behavior in mind, aiming to mimic
a realistic time signal, without too abrupt changes in sound
between consecutive car passing fragments. The concatenation
of the separate segments is illustrated in Figure 7.
As indicated in Section III, we assume log-power spectrum
coefficients as input for our models. Hence, we need some
preprocessing to transform the concatenated time signal of
our data to the log-power spectrum domain. Consider the
resampled, concatenated, and real-valued discrete-time signal
>
y = [y1 , y2 , . . . , yL ] of length L. In order to compute
the log-power spectrum, we use signal segments of length
Q = 160, corresponding to segments of 10 milliseconds. To
each segment we apply a Hanning window, and we use an
L
− 1 segments and a
overlap of 50%, resulting in N = 2 Q
time resolution of 5 ms. For each of the N signal segments,
we compute the discrete Short-time Fourier transform (STFT),
resulting in Q complex frequency coefficients per segment.
As we are dealing with a real-valued signal, the frequency
spectrum is symmetrical around DC. Therefore, we omit
the redundant half the coefficients, resulting in a vector of

car1
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event detection along the road. The goal is to detect an event,
while not marking environmental sounds and passing cars as
events.
In this section, we will first describe the data used for this
experiment. Then, we discuss the details of our implementation, touching upon data preprocessing, the message passing
realization, and model variable choices. Finally, the results of
the experiment are presented.

Frequency [kHz]

7

4000

Figure 7. This figure shows a spectrogram representation of the input signal
xn for the experiment, as described in Section V-B1. The annotations on top
indicate the original separate segments for reference.

M = bQ
2 c + 1 frequency coefficients for each signal segment
n ∈ {1, . . . , N }. In the last steps, we consecutively take the
absolute value, square, and take the natural logarithm of each
of the coefficients in this vector to end up with the desired logpower spectrum coefficients vector xn for each signal segment
n. This signal acts as observations for both our models and is
shown as a spectrogram in Figure 7, along with annotations
of the original separate fragments.
2) Inference: The computations in this research are done
using the scientific programming language Julia [21]. The ForneyLab package [22] is used to perform the inference tasks as
introduced in Section II. This package automatically generates
message passing-based inference algorithms for probabilistic
models specified by the user, which allows for swift model
iterations.
In ForneyLab, parameters θ are treated as an “extended”
state, hence they are also updated during state estimation.
In order to accomplish our parameter estimation stage, we
update the parameters θ for the duration of the segment car1,
which equals 6 seconds, while updating the posterior state
distribution. After that, we no longer update the parameters.
Because of this, we also have the variational free energy and
posterior state updates available for the parameter estimation
stage.
3) Model and framework variables: For running the experiment, we have set values for all the variables that are present
in our framework and defined models. We use equal model
probabilities p (m1 ) = p (m2 ) = 0.5 as a starting point, as we
mainly focus on the validation of the framework and models
in general. The observation noise is kept the same for m1 and
m2 via an identical Λx . By using a diagonal precision matrix,
we assume i.i.d. noise.
The mean µ of mh is set on the values of the first
observation, as this is assumed already close to the final values
of the sound profile. For the degrees of freedom ν of the prior
of the Wishart, we have based ourselves on the degrees of
freedom initiated by the vague Wishart prior in ForneyLab,
equaling the dimension of the state, M . As the mean of a
Wishart distribution equals νV , we chose V = ν −1 I as prior,
which means that the initial precision matrix for the sound
profile h equals I. For the mean of the state of the baseline
model µz , we use the mean value of each frequency bin for
the duration of the car1 segment, and low values in precision
matrix Λz to ensure broad coverage, leading to an average,
mediocre model behavior that can serve as a baseline.
The scaling of each identity matrix I for the involved the
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Table I
VALUES OF PRIORS AND OTHER VARIABLES IN THE MODELS AND
Equation
(6)
(6)
(8), (13)
(12)
(12)
(10a)
(10a)
(10b)
(10b)
(11)
(14)
(14)

8
6
4
2
0

6
4
2
0

400
300
200
100
0
1.0

p(m | x)

precision matrices, and all the other values not specifically
mentioned before have been determined by means of trial and
error. Table I shows an overview of all the variable values used
in our experiment, along with a reference to the equation they
belong to.

Frequency [kHz]

Value
0.5
1 − p (m
 1)
1 · 106 · I
0
1 · 10−2
x1 
1 · 10−10 · I
M
ν −1 · I
1 · 102
mean(x1:1200
 )
2 · 10−2 · I

F

Variable
p (m1 )
p (m2 )
Λx
µg0
γg0
µ
Λ
ν
V
γg
µz
Λz

g [dB]

FRAMEWORK USED FOR THE CONDUCTED EXPERIMENT

Figure 8 shows the results of our solution framework and
model specification, based on the input signal xn , defined
in the previous subsection. More specifically, the second plot
shows the estimated state of the main model over time, and
the third plot the accompanying variational free energy in
the main and baseline model. The fourth plot in Figure 8
shows the posterior model probability for the baseline model,
representing the event detection result. The fifth plot shows a
reconstruction of the input signal, based on the inferred parameters and tracked state. Figure 9 shows a simplified distribution
of the inferred sound profile h. For plotting convenience, we
use µ as a mean value, represented by the bold blue line, and
a simplified mean ν · diag(Wh ) of Wishart distribution for
calculation of the standard deviation. The shaded light blue
covers the range up to one standard deviation difference to
the mean.
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C. Results
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Figure 8. This figure again presents the input signal (for reference), plus an
overview of the results of our presented solution framework based on this
input data. The top plot shows this input signal xn as a spectrogram. The
second plot shows the estimated state of the model (gain) over time, acting on
this input signal. The third plot shows the variational free energy over time
of both our models. The fourth plot shows the posterior model probability of
the baseline model m2 over time, representing the event detection. The fifth
plot shows the reconstructed input signal based on the inferred parameters
and tracked gain. The label for the upper x-axis of the top plot and the label
n on the lower x-axis of the bottom plot count for all the plots.

VI. R ELATED WORK

0

Power [dB]

In this section, we present an overview of related work.
First, we take a glance at the available literature on generative acoustic modeling. Next, an overview of acoustic event
detection work is given.
An overview of approaches to sound modeling is given
by [23]. “Physical modeling” mathematically models the
physics that generate the target waveform. Consequently, the
parameters are of a physical nature, making them intuitive to
work with. An example of physical modeling can be found
in [24]. We also apply physical modeling in our main model.
The “acoustic modeling” approach uses signal generators and
processors for manipulating waveforms just like a synthesizer,
such as oscillators, modulators, and filters. However, the
parameters are more algorithm-specific, making them not as
intuitive for control as parameters in physical modeling.
In the 1980s, the Hidden Markov Model (HMM) marked
the eminence of statistical models, dominating the automatic
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Figure 9. This figure shows the (simplified) distribution of sound profile h,
as a result of the parameter estimation stage. The solid line corresponds to a
mean, and the shadowed region corresponds to one standard deviation below
and above this mean. This sound profile is inferred during the parameter
estimation stage. For plotting convenience, we use µ as a mean, and a
simplified mean ν · diag(Wh ) of Wishart distribution for calculation of
the standard deviation (see equation set (10) for meaning of parameters).
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generation (and recognition) of speech. These models learn
their parameters from data, contrary to the man-made design
in the case of physical and acoustic modeling. Therefore, this
was the start of data-driven statistical parametric models.
The modern successors of HMMs are deep generative models. Generative neural modeling of audio has been explored
for some time, albeit mainly in other audio representations
than waveform, like spectrograms [25]. However, generative
models capable to generate audio waveforms directly in the
time domain were explored more recently. The latter was long
considered to be infeasible due to the scale of the problem as
a result of the sample rates surpassing at least 16 kHz [26].
Examples of those explorations include WaveNet [27], VRNN
[28], WaveRNN [29] and SampleRNN [30]. These models
predict digital waveforms one timestep at a time and rely
on autoregressive (AR) models. WaveNet is a convolutional
neural network (CNN) that includes dilated convolutions [31].
VRNN and WaveRNN are recurring neural networks (RNNs).
SampleRNN uses RNNs as well but it combines RNNs running at different clock rates to model longer term dependencies
in audio waveforms. They all model
the distribution as a prodQ
uct of conditionals: p (x) = t p (xt |x<t ) with t = 1, ..., T
[26]. Recently, there are also attempts to use Generative
Adversarial Networks (GANs) as an alternative approach for
the generation of audio waveforms, like WaveGAN [32].
An interesting division between generative neural networks
is given by [23]. They claim that many generative models
are trained using maximum likelihood, and therefore, they
can be classified in how they represent the likelihood. On
the one hand, there are networks that facilitate an explicit
formulation of the marginal likelihood, like the mentioned AR
models, or variational autoencoders (VAEs). For those models,
by means of the explicit likelihood, a measure is provided for
determining how close the model is to the real data. On the
other hand, there are the models that only have implicit knowledge of probability distributions, and therefore do not have an
unambiguous way to evaluate the model, like GANs. Within
the group with explicit probability densities, a subdivision
can be made between generative neural models where those
densities are tractable (AR models), and models where there
are approximations involved for the explicit density (VAEs).
Acoustic event detection is not a new research field; various
research efforts have been conducted in this field. Early works
based themselves on extracting feature sets from the input
audio signal, based on concepts like log-frequency banks, Melfrequency Cepstral Coefficients (MFCC) [33], but also features
based on temporal and spectral characteristics of the signal.
Detection and recognition tasks are performed on the selected
feature sets using classifiers, such as Gaussian Mixture Modelbased (GMM) classifiers [34] or support vector machines
(SVMs) [33], [35]
Where in the beginning the features and representations
were handcrafted, later on, research focused on a more datadriven approach by learning representations from actual training data, e.g. based on the bag-of-words approach [36], [37],
[38]. In [9], for example, the focus is on road surveillance,
more specifically on automatic detection of tire skidding
and car crashes. They extract low-level feature vectors from

the audio stream. Based on a data-based audio dictionary,
the nearest audio word is determined. Over a certain time
interval, histograms of these audio words are computed, which
are then classified using SVMs, resulting in a final class.
For experimental validation, they created a publicly available
MIVIA road event dataset, on which they achieved an average
accuracy of 78.95%.
Recently, also deep learning approaches were proposed
to learn effective representations of sound. [39] applies two
RNNs to detect and classify an event, respectively. [8] takes a
deep learning approach in the form of a Convolutional Neural
Network (CNN). More specifically, it inherits the MobileNet
network [40], [41], which proves to be particularly fitted for
real-time application in embedded systems due to its good
trade-off between accuracy, complexity in terms of floatingpoint operations (FLOPs), and the number of parameters [42].
It achieves an event recognition rate of over 99% on the
previously mentioned MIVIA road events data set.
VII. D ISCUSSION
In this section, we discuss the results of Section V and some
of the limitations of this research. Furthermore, we present
directions for future work.
In Figure 8 we see that the gain of the main model follows
the signal in a gradual way most of the time for the signal parts
car1, car2, and (the first part of) car3 + crash. This is what we
would expect because this represents the gradual motion of a
car; increasing when the car approaches, and decreasing when
the car has passed by. The fact that this is the case for car1
already (so during the parameter estimation stage) indicates
that the model grasps this fairly quickly. The sudden drops in
the gain around n = 1200, n = 2400, and n = 4200 can be
explained by the non-smooth concatenation of different signal
fragments. The gain introduces less-fluent behavior (sudden
drops and rises) when the events are introduced, like around
n = 3400 and n = 4200.
If we look at the plot of the simplified inferred sound
profile h in Figure 9, we can see that the standard deviation is
slightly higher for the frequencies up to 1.5 kHz compared to
the rest of the spectrum. Looking at the plot of the input signal
xn , specifically for the car signal fragments, we can see that
while for the higher frequencies there is a gradual increase
and decrease in power over time, this is not the case for the
frequencies up to 1.5 kHz. Over time they seem to remain
relatively constant; the gain has less to no impact here. As a
result, during parameter estimation, these frequencies end up
with a larger uncertainty, hence a larger standard deviation.
With our choice for the main model, we have taken a physical modeling approach to model the characteristic behavior,
with the model existing out of comprehensible components
related to a physical nature. The sound profile catches the
acoustic blueprint of a car, while the gain captures the motion
relative to the sensor. Looking at both the gain and the sound
profile, the main model seems to catch what we designed
it for. If we look at the variational free energy of the main
model in Figure 8, it shows a rather stable behavior during
the expected behavior once the parameter estimation stage has
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been completed. This shows that the main model works as
intended.
Besides this observation, two other observations can be
made. First of all, a notable slight increase in variational free
energy can be observed at around n = 1850, when the gain
reaches its local maximum. We relate that to the non-scaling
power in the lower frequencies up to 1.5 kHz, also touched
upon in the previous paragraph. This can also be noted in the
reconstructed signal on the bottom plot of Figure 8, where
there is more power than for the original signal around this
time. Secondly, we see a peak at around n = 2400, which
can be explained by the concatenation of the signal, just like
the drop in gain, as mentioned before. Once the events pop
up in the signal, the variational free energy rises considerably,
as expected, as this is concerns unexpected deviation from
expected behavior, which the model cannot represent well.
The variational free energy of the baseline model is relatively constant over time, during the cars passing as well as
during the events. This is exactly what we designed the model
for. Slight increases can be noted at times where the gain is
also high. These increases can be explained by the fact that
the input signal reaches peak values that differ relatively a lot
from the actual prediction of the model. This results in lower
evidence, hence higher variational free energy.
The actual event detection result, shown in the bottom
plot of Figure 8, shows a rather binary result. This can be
explained by the fact that the approximation for the posterior
model probability of m2 (7) resembles
a sigmoid function


1)
S (x) = e−x1+1 where x = − F1 − F2 − log p(m
p(m2 ) . The
active region of a sigmoid function ranges approximately from
x = −5 to x = 5 and is close to either 0 or 1 outside this
domain. As our x falls out of this range most of the time,
this results in a rather binary behavior. In that sense, the
prior model probabilities only influence the result when the
difference in variational free energies nears the active domain
of the sigmoid function. However, it should be noted that this
relationship in not exact, as variational free energy bounds the
negative log-evidence and only serves an approximation.
Regarding the detection of the actual events, it is striking
that only the start of the slipping is detected. If we look at the
reconstructed signal in the bottom plot of Figure 8, we see
that the high-energy slipping part falls in approximately the
same range as the high-energy frequencies of the sound profile.
Looking at the reconstruction and the gain, the model sees it
as part of the sound profile. The event detection triggers after
the slip, at round n = 6000, are caused by a high-frequency
sound that is part of the background noise of this data.
Some comments have to be made concerning this research.
First, our model takes all sounds into consideration for the
sound profile during parameter estimation, despite maybe not
being related to the vehicle in motion. Think of background
sounds like weather conditions. Furthermore, the model does
not support (relative) silence. Also, the experiment we have
conducted is not ideal. The car sounds have been recorded at
a main road without post-processing, but the event sounds of
the MIVIA data set are an artificial combination of an acoustic
road event and non-original background noise. Therefore,

the input signal is not an ideal representation of a reallife scenario. Furthermore, exact performance is yet to be
determined. Moreover, we have validated our framework on
only a single test. Despite the promising result, further testing
is required to substantially validate our framework and models.
Due to the limitations of this research – as a result of
the choices made – further research is invited. This research should consider further iterations on model design,
for example by including the Doppler effect as a physical
modeling component. Also, further research should look into
incorporating background noise separately from the sound
profile. This might make lower-frequency events like car
slipping easier to detect. It might also be worth considering
excluding the lower frequencies from the model while taking
into account slipping frequency. Besides including background
noise, it should be considered to exclude a car sound profile
in case of silence. Furthermore, our model is based on logpower spectrum coefficients, which require preprocessing of
the time signal. It would be interesting to investigate whether
improvements in performance or success rate can be made
here by incorporating this preprocessing into the model. With
regard to the baseline model, we chose a substantially stripped,
non-updating model in this research, without any parameter or
state estimation involved. Despite the baseline model does its
job, the variable choices could be improved. Further research
could look into using slightly more advanced approaches for
determining the state distribution parameters, allowing for
parameter estimation, for example.
That fact that we can detect acoustic road events can be put
into practice in multiple ways. First of all, the detection can act
as a direct trigger for emergency team dispatch. This will save
time and decrease mortality rate, as seen in Section I. Detected
events could also serve as a prioritizer of video streams in a
road monitoring control room. This both serves a curing role.
Detected events can also be of less-hazardous but implicating
behavior, like tire slipping. This information can be used to
improve safety and therefore serve a preventional purpose.
Either way, society can benefit from it.
While in this paper we focus on a single application, our
methodology allows us to perform event detection in any
context and is not restricted to a specific type of problem. For
other applications, such as proactive maintenance on factory
floors or crowd control, we only need to iterate the model
specification until we have obtained an effective model.
VIII. C ONCLUSION
In this paper, we have presented a general Bayesian framework for situated detection of acoustic road events using
probabilistic generative models. We have described the stages
in this framework, i.e., parameter estimation, state estimation,
and model comparison, as probabilistic inference tasks that
can be executed automatically by means of message passing.
Moreover, we demonstrated the validity of this framework
with an experiment on a road event detection application.
We defined the required models to match this application and
applied them to an artificial application environment. We were
able to detect acoustic events in traffic such as a crash and tires
slipping using our introduced framework and defined models.
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