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Conclusions
• We were able to construct a simple system, based on a NN, to classify our target of interest 

(Edgewater 4) in the Severn River
• Sophisticated, yet relatively cheap acoustic devices can be used to identify and catalog harmonic 

frequencies of motorized vehicles in the Severn River.
• The analog circuitry could be adjusted to improve our sensitivity in the desired frequency range.
• Future research efforts should be focused on the ability to differentiate between a wider variety of 

motor vessels.

Security forces are constantly expanding detection and classification technology to 
increase installation security. The autonomous detection and classification of waterborne 
vessels, submerged or on the surface, has traditionally relied on sophisticated and 
expensive instrumentation. In this project, we constructed an underwater acoustic detection 
device using sophisticated, yet inexpensive technology. This device is able differentiate the 
acoustic signature of a motorized vessel in the Severn River by employing a hydrophone 
and a neural network based signal processing system. 

Acoustic data was collected in the Severn River near Hendrix Laboratory using a PH0D1-Hydrophone attached to a 
Raspberry Pi 4 and a HiFiBerry hat (Figure 3). Audio recordings were taken in the presence and absence of our target vessel 
(Edgewater 4). The portions of the audio where the Edgewater was present were isolated and separated from background 
audio. The raw acoustic data was then processed by splitting the files into three second clips. The data was then augmented 
and denoised using the python library “noisereduce.” These augmented audio clips were then used to generate spectrograms 
which were used to train our convolutional neural network. Once the neural network was created and trained, the acoustic 
buoy system was deployed to detect the presence or absence of the Edgewater 4 vessel. If the Edgewater 4 vessel was 
detected, the system took and saved a picture as well as the corresponding audio clip.

Figure 4 (A-C). In Figure 4A, 
Instructor Hickman sets up the 
Raspberry Pi to record training data 
for the neural network. In Figure 
4B, 1/C Lee controls an ASV to 
make several passes by our 
hydrophone on 12 Feb. In Figure 
4C, Instructor Hickman drives 
Edgewater 4 in several passes of the 
hydrophone on 23 Feb. 2021. 

Our neural network had an accuracy of 
73% when tested against a subset of the 
training data. During deploying of the 
acoustic buoy, our system accurately 
detected the presence of our target vessel 
(EW4) as it passed by the buoy, four out of 
four times (using the process seen in 
Figure 5).   Figure 6 shows a picture that 
was saved on a positive detection and 
classification of the EW4 vessel. Positive 
detections were  limited to relatively closs 
passes with the EW4 due to the sensitivity 
of the PH0D1-Hydrophone. Additional field 
testing is needed to determine the 
operational range. 

Figure 6. Image taken by camera linked to 
Raspberry Pi 4 after neural network 

detected an acoustic signature.

Figure 2. Process in how training data was integrated during the construction of the neural network.

Figure 5. Classification method for raw acoustic data. Buoy will 
trigger picture and save audio clip if vessel is detected.

Figure 3. Visual representation of physical 
components inside the acoustic buoy. 
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Figure 1A. Spectrogram of background noise 
in the Severn River.

Figure 1B. Spectrogram of passing Edgewater 
vessel in the Severn River.
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