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Abstract

Recent advances in info-communication technologies highlight the concept of smart
cities. One objective is the optimal control of urban and suburban vehicle traffic,
which requires traffic monitoring. It’s main problems are the following: 1) de-
tection and counting of passing vehicles, 2) determination of vehicle’s category,
3) determination of motion’s direction, and 4) vehicle’s speed estimation. The
real-time data necessary for traffic monitoring are supplied by appropriate sensors.
Inductive loops and pneumatic pipes are highly reliable ones for solving problem
1) and 3). Unfortunately, these are not suitable for real-time traffic monitoring:
inductive loops must be built into the road during road-building, and pneumatic
pipes must be laid across the road, thus affecting the traffic itself. Another fam-
ily of sensors are based on electromagnetic operating principles (e.g. radar, lidar,
and cameras). However, their - otherwise excellent - detection accuracy is highly
dependent on meteorological conditions and time of day. Besides, the high cost
of installation and maintenance also calls for another or additional sensor-domain,
namely acoustic sensors. This leads to the concept of Acoustic Traffic Monitoring
(ATM). Most frequently, pressure-sensing microphones are used, and a promising
goal is developing sensors with low-cost, medium-quality omnidirectional MEMS
(Micro-ElectroMechanical Systems) microphones. The main efforts in this sensor-
development field can be summarized as: I) minimizing the cost of sensors, II)
decreasing the installation and maintenance costs, (III) decreasing the electrical
power consumption of the sensor and signal processing units, (IV) optimizing the
suitable sensor network architecture for covering a large geographic area with many
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cooperating sensor units, and (V) guaranteeing the continuous operation even in
adverse weather conditions. We present our results in algorithm-development for
ATM problems, using MEMS microphone-signals. Our aim was that the algorithms
have to be realised in the sensor itself, thus we followed the edge-AI system-concept.
Several freely available audio datasets exist for this purpose. We used the IDMT-
Traffic dataset, because it consists of two-channel (stereo) audio recordings both
with high-quality sE8 and MEMS microphones. Therefore, the performance of
MEMS-based algorithms can be compared with sE8-based ones. We considered
[1] as reference, because the authors presented possible solutions for problems 1),
2), and 3) in case of sE8 microphones. In solving the problem 3) their neural
network was a variant of MobileNet, adapted to the problem at hand. The in-
put was a cross-correlogram, computed as a series of cross-correlations between
the two microphone-channels. For problem 2) their classifier was a pretrained
CNN (Convolutional Neural Network), which was tailored to the concrete problem
using transfer learning. The input in this case was the so-called log-mel spectro-
gram. The log-mel spectrogram is computed from linear spectrogram using the
mel-frequency scale and triangle-shaped, overlapped filters. The mel frequency-
scale is a characteristics of human hearing, and its non-linear function is the result
of function-fitting to experimental, psychoacoustical data [4]. However, this is not
the only one in this respect; another is the Bark-scale [5]. Therefore, in a prelim-
inary study - with the subject of detecting passing vehicles in background noise -
we compared the effect of the mel/Bark scale on detection accuracy. Beyond that,
in that comparison we used both triangular-shaped filters and raised cosine filters,
too. The final result of the study was, that in case of sE8 microphone the best
combination is mel-scale with raised-cosine filters, and in case of MEMS micro-
phone the Bark-scale with raised cosine filters gave the best accuracy. Therefore,
in this work we used the log-Bark spectrogram computed with raised cosine filters.
In order to preserve the time-delay information between the two microphone chan-
nels, we concatenated the log-Bark spectrograms of the two channels ensuring the
proper time-alignment. So, the concatenated log-Bark spectrogram was the result
of feature extraction. It was then converted to grayscale image, which was the in-
put of an image classifier. For the classifier we developed our own CNN-structure
[2]. It is interesting to note, that we got finally the same structure when solving
problem 2) and 3); only the parameter sets are different (the number of learnable
parameters are 26011 in both cases). The vehicle-category determination was a
3-class classification problem (passenger car/commercial vehicle/no vehicle), and
the overall accuracy achieved was 94.04±0.48%. The motion’s direction determi-
nation was also a 3-class classification problem (from left/from right/no vehicle),
the overall accuracy in this case was 97.70±0.64%. Problem 1) is a 2-class classifi-
cation problem, and its confusion matrix can be derived from the 3-class one. The
accuracy, F1-score and Matthew’s Correlation Coefficient (MCC) [3] performance
parameters were computed from the class-2 confusion matrix . These are (99.64%,
0.9965, 0.9928) in problem 2) and (99.75%, 0.9975, 0.9949) in problem 3). The
accuracy of the latter is somewhat greater, so the problem 1) can also be solved
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with the motion’s direction classifier. Based on the above we concluded, that the
MEMS-microphones could be used to develop edge-AI type sensors for the first
three ATM problems using the concatenated log-Bark spectrograms converted to
grayscale images as input to corresponding CNN-structure.
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