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Abstract: The vital role of honeybees in pollination and their high rate of mortality in the last decade
have raised concern among beekeepers and researchers alike. As such, robust and remote sensing of
beehives has emerged as a potential tool to help monitor the health of honeybees. Over the last decade,
several monitoring systems have been proposed, including those based on in-hive acoustics. Despite
its popularity, existing audio-based systems do not take context into account (e.g., environmental
noise factors), and thus the performance may be severely hampered when deployed. In this paper, we
investigate the effect that three different environmental noise factors (i.e., nearby train rail squealing,
beekeeper speech, and rain noise) can have on three acoustic features (i.e., spectrogram, mel frequency
cepstral coefficients, and discrete wavelet coefficients) used in existing automated beehive monitoring
systems. To this end, audio data were collected continuously over a period of three months (August,
September, and October) in 2021 from 11 urban beehives located in downtown Montréal, Québec,
Canada. A system based on these features and a convolutional neural network was developed to
predict beehive strength, an indicator of the size of the colony. Results show the negative impact that
environmental factors can have across all tested features, resulting in an increase of up to 355% in
mean absolute prediction error when heavy rain was present.

Keywords: honeybees; beehive acoustics; beehive monitoring; context-awareness; precision beekeeping

1. Introduction

Honeybees (Apis mellifera) are one of the most commercially important insects, not only
because of their hive products, but also because of their pollination activity, which helps
cultivation and biodiversity [1]. To ensure their health and well-being, beehive monitoring
has been performed manually by beekeepers for many years. During such inspections,
beekeepers visually examine colony activity and note the presence of pathogens/parasites,
queen reproduction, colony worker and brood populations, and the amount of food stored.
These inspections are typically performed every two weeks during the spring and sum-
mer months and are labor-intensive and time consuming for the beekeepers, as well as
disruptive for the colonies.

More recently, with advances in sensing hardware, cloud computing, and machine
learning tools, automated beehive monitoring tools have emerged to overcome these
limitations, thus creating the field of precision beekeeping [2]. For example, systems
based on beehive acoustics [3–6], hive weight [7–9], internal temperature [10,11], and
humidity [11], as well as CO2 monitors [11] or multisensor approaches [7,8,11], have
been introduced.

The weight of a beehive can be used as an indicator of honey production and bee
population size, with colony weight changes being reported throughout the day. For ex-
ample, weight have been reported to decrease during the night and early morning due
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to nectar consumption, while it increases with foraging activity during the daytime [12].
The authors in [9] monitored the weight of four colonies and showed that the average
weight indicates the amount of stored food (during nectar flow), while the changes could
be related to the daily consumption of food. Moreover, swarming activity can be tracked
based on the weight change of the hive resulting in a sharp decrease.

Temperature stability and regulation in a beehive, in turn, can indicate the colony’s
adaptive response and health state. It has been found that while the internal temperature
affects the health of the bees and brood, the productivity of the hive is also strongly affected
by internal hive conditions [13]. Proper thermoregulation inside the hive, for example, can
help decrease mortality rates and increase honey production by reducing the internal con-
sumption [14,15]. Moreover, it has been found that a rise in temperature (from 34 ◦C–35 ◦C
to 37 ◦C–38 ◦C) could be a signature of swarming [16].

Relative humidity (RH) is another important factor for larvae growth, colony develop-
ment, and bee behavior, where changes in water transportation and larvae feeding have
been reported as a function of ambient humidity, hive temperature, and nectar moisture [17].
The authors in [18] used temperature and humidity sensors to monitor ambient conditions,
as well as conditions within the breeding comb and the nectar areas. Their results showed
that the humidity of the breeding comb was the highest (about 40% RH) and had less
daily fluctuation.

Moreover, it is well known that bees communicate within the colony using vibration
and acoustic signals [19] generated via the movement of their body, wings, and muscle
contractions [20]. For example, specific sounds are generated during mite attacks, by failing
queens [21], and during swarming [22,23]. To this end, the acoustic monitoring of beehives
has emerged and is gaining popularity. In a recent literature review of beehive acoustics
monitoring [24], several systems were reported showcasing tools for (i) bee activity detec-
tion [4,25–27], (ii) beehive strength monitoring [28], (iii) queen absence detection [3,5,29–31],
(iv) swarming detection [22,23,32–34], (v) pathogen or parasite infestation detection [35],
(vi) detection of environmental pollutants and chemicals [36–39], and (vii) measuring of
honeybee reaction to smoke [40], as well as overall beehive monitoring (e.g., identifying
normal and abnormal hive, swarming duration, bee activity time) [41,42]. From a geo-
graphical perspective, most contributions have come from the USA, UK, Japan, Slovenia,
and Italy. From partially tropical countries (e.g., Mexico), experiments have mostly focused
on the detection of the queen bee in Apis mellifera carnica hives [43,44]. For a more detailed
overview, the interested reader is referred to [24].

One great benefit of acoustic beehive monitoring is the potential for real-time continu-
ous monitoring, which may enable the detection of certain critical and rare events, such as
queen piping [45,46]. Continuous beehive monitoring may also enable new insights into in-
creased mortality rates observed over the last decade [47–52], which has been hypothesized
to be linked to multiple stressors [53,54].

Despite the burgeoning of acoustics-based beehive monitoring applications, as the
recent review in [24] showed, existing tools rely on conventional audio features that
have been developed for speech processing, namely root mean square power (RMS),
mel frequency cepstral coefficients (MFCCs) [55], spectrogram, and features based on
the discrete wavelet transform (DWT). It is widely known within the audio processing
community, however, that such parameters can be extremely sensitive to environmental
factors, such as ambient noise and background speakers. As such, noise suppression and/or
characterization of the background noise (known as context-awareness) are needed for the
development of accurate and replicable systems (e.g., [56,57]). This will be particularly
crucial for urban hives, which are on the rise [58], where loud and various urban sounds
interfere with the internal hive sound recordings.

In fact, while most published studies have shown the benefits of using the acoustic
signal for hive health monitoring, the majority have relied on data collected over a short
period of time (e.g., 24 h), usually in the months of June and July, when rain is possible,
or were collected in remote regions in the countryside; thus, they may not have been
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exposed to certain environmental factors known to be detrimental to the quality of audio
recordings. As such, it is not clear what the impact of such events is on audio-based
precision beekeeping. This paper aims to fill this gap. Acoustic data were recorded
from 11 urban beehives (one was intentionally left empty) during a three-month period.
The effects of three environmental factors (rain, urban sounds, and beekeeper speech) were
explored on the three most popular audio features described above. To quantitatively
measure the impact of such factors on system performance, results for a beehive strength
prediction model are reported and drops in accuracy were measured, to validate the claim
that context awareness is crucial for automated beehive monitoring systems.

2. Materials and Methods
2.1. Data Acquisition

In this study, 10 beehives and 1 empty hive were monitored continuously over a
three-month period on a rooftop apiary located in downtown Montréal, Québec (Canada).
These hives were placed on wooden pallets (two hives per pallet) in a row facing southeast,
with the empty hive placed by itself. This location facilitated ease of access to a power
supply from a wall outlet on the outside of the building. Each hive comprised one brood
chamber and one or two honey supers using 10-frame standard Langstroth boxes (with
a maximum of three boxes), with a multimodal sensor located on top of the center frame
of the bottom brood box to record the internal hive temperature and humidity (Beecon,
Nectar Technologies Inc, Canada [59]), as shown in Figure 1a. and also a microphone beside
that, as shown in Figure 1b. All hives came from four frame nucs that were purchased and
installed in May 2021.

(a) (b)

Figure 1. Location of the (a) temperature and humidity sensor placed on top of the middle frame of
the first brood chamber and (b) microphone placed next to it.

The nectar apiculturalists did not equalize the hive populations in order to collect
data on a variety of population sizes, as the prediction of beehive strength (a correlate of
population size) was one of the main goals. At the beginning of the experiment, each hive
contained a different number of (full) frames of bees with a minimum of six frames of
bees for a beehive with one brood box, and a maximum of 20 frames of bees for a beehive
with one brood box and one honey super. As the colony populations increased, additional
honey supers were added. Therefore, in our apiary, the maximum number of boxes and
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frames of bees were 3 and 30, respectively. Data were recorded continuously over the
months of August, September, and October, 2021. The multi-modal data comprise the
average temperature and humidity readings every 15 min, and a 15-min audio segment
every 30 min, with a sampling rate of 48 kHz. Every two weeks, the hives were manually
inspected to measure the strength of the hives (i.e., the number of frames of bees covered by
least 70% [60]), to verify the presence of a laying queen, as well as to report any additional
observations related to the colony activity.

Moreover, local external temperatures, humidity, and rainfall amounts levels were
obtained from the Environment and Climate Change Canada website (https://climate.
weather.gc.ca/, accessed on 1 June 2022.). A representative example of a 24 h snapshot
of the changes in internal/external temperature and humidity levels, as well as the audio
intensity and root mean square (RMS) value, is shown in Figure 2. The plots are for a
strong and healthy colony in August with one brood chamber and two honey supers with
a total of 30 frames of bees (covered with at least 70% of bees). As can be seen, audio power
increases during the day, especially during periods in which external temperatures were
increasing and external humidity levels decreasing, thus suggesting increased foraging
activity and thermohygrometric regulation of the colony.

Figure 2. Time series, from top to bottom, of audio intensity, audio RMS, internal/external tempera-
ture, and internal/external humidity readings in a hive with 3 boxes and 30 full frames of bees (date:
12 August 2021).

2.2. Acoustic Feature Extraction

In this section, we describe the four features that have been commonly reported to
be used for audio-based precision beekeeping, namely RMS, spectrogram, MFCCs and
DWT. Moreover, in Section 4, we describe the modulation spectrogram that we used.
Before feature extraction, audio recordings were resampled from 48 kHz to 2048 Hz, as the
literature suggests that the majority of the bee sounds are produced below 1000 Hz [24].

2.2.1. Root Mean Square Power

The moving RMS power is calculated based on Equation (1),

https://climate.weather.gc.ca/
https://climate.weather.gc.ca/
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yRMS(i) =

√√√√ 1
N

i+N

∑
k=i

x(k)2, i = 0, 1, 2, . . . , L− N − 1 (1)

where L is the signal length and N the windowed segment length. In the speech-processing
community, such a windowed segment is referred to as a “frame”. We use the same notation
here, not to be confused with the frames within the beehive. As such, the term signal frame
will be used henceforth. In this experiment, we set the signal frame length to 1 s and used
50% overlapping shifts.

Having access to the acoustics of an empty hive allows us to identify certain environ-
mental factors that would be present in both the empty and the occupied hives. As shown
in Figure 3a, the empty hive has a fairly constant value with noise-related fluctuations
around this value, whereas the occupied hive has an increase in audio power during the
day, which stabilizes around the afternoon and later drops in the evening. A close com-
parison between the two curves, however, shows events that are common in both boxes,
thus signaling environmental factors that could affect the monitoring system. For example,
after close investigation, it was found that the abrupt peaks seen in both curves were a
train rail squealing from a passenger train that ran behind the building (1 km distance) in
which the apiary was located or car horns from nearby traffic. The slower peaks, in turn,
were related to beekeepers’ voices being recorded by the microphone when they spoke
near the hive. Another environmental factor that appeared throughout the recordings was
the noises of raindrops hitting the hive boxes on rainy days. A segment of data showing
this factor is shown in Figure 3b. Given these three prominent environment noises, this
paper investigated the impact that they have on three other popular audio features and an
automated monitoring system based on them.

(a)

(b)

Figure 3. RMS curves of a typical colony with three full boxes of bees (blue curve) and an empty box
(orange) as measured on (a) 12 August 2021, and (b) 24 September 2021.
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2.2.2. Spectrogram

A spectrogram is a time–frequency representation of the audio signal, and it has
been widely used for swarming and queen absence detection [31,34]. The spectrogram
is commonly measured with a short-time Fourier transform (STFT), where the signal
is divided into equal-length segments by a moving window, and then each segment is
transformed using the fast Fourier transform (FFT). In this study, a Hann window with
a length of 125 ms with a 50% overlap was used. Figure 4 shows the spectrogram of a
24 h recording of the beehive previously shown in Figures 2 and 3a. In the top figure,
the × symbols depict the instances in which environmental noises were detected. From the
bottom spectrogram plot, their influence on the spectrogram can be seen as sudden bursts
of energy below 64 Hz, thus coinciding with important hive sounds that were present
throughout the day.

Figure 4. RMS curve and corresponding spectrogram for a hive with with 3 full boxes of bees
(12 August 2021).

2.2.3. Mel-Frequency Cepstral Coefficients

MFCCs have been widely used in many speech applications, as they model the human
cochlear processing steps by including a mel-scale frequency mapping prior to cepstrum
processing [55]. For precision beekeeping, these features have also been shown to be
popular, appearing in roughly 30% of the papers reviewed in [24]. For example, the first
three MFCC coefficients have been widely used for bee, queen presence, and swarming
detection. To calculate MFCCs, the following five steps were taken:

1. Apply a pre-emphasis filter to enhance high frequencies.
2. Compute the STFT of the pre-emphasized signal and its power spectrum.
3. Apply the mel filterbank, composed of triangular filters simulating cochlear processing.
4. Apply the logarithm operation.
5. Compute the discrete cosine transform (DCT) to extract the mel frequency cepstral

coefficients.

In this experiment, a Hann window with a length of 125 ms with a 50% overlap was
used in step 2. A total of 12 coefficients were extracted in step 5, plus the zeroth coefficient,
which was used as a measure of signal power. Figure 5 shows the 12 MFCCs, plus the zeroth
coefficient, as computed over the 24 h duration of the previous audio signal. In Section 3,
more details will be provided on the effects of ambient noise on the MFCCs.
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Figure 5. RMS curve and corresponding MFCCs for a hive with with 3 full boxes of bees
(12 August 2021).

2.2.4. Discrete Wavelet Transform

Like the spectrogram, the DWT is a time–frequency representation that is widely used
in time series analysis and has shown promising results for beehive acoustics monitoring
applications [29,31]. DWTs rely on so-called wavelets to represent signals as a superposition
of short finite-length waves that can be scaled and shifted to capture changes in the
time–frequency space. The DWT is the discrete form of continuous wavelet transform
(CWT) described by Equation (2):

C(a, b) =
∫ ∞

−∞
x(t)ψ∗a,b(t)dt, (2)

where x(t) is the audio signal, ψ∗ is the complex conjugate of the mother wavelet ψ and
a, b are the translation and scale, respectively. The mother wavelet is given by

ψa,b(t) =
1√
b

ψ(
t− a

b
). (3)

In the DWT, the translation and scale values have the following conditions:

b = 2−s a = 2−sl, (4)

where l and s are discrete values.
Combining these conditions with the assumption of discretization of the signal results

in the DWT shown in Equation (5), we obtain the following:

W(l, s) = 2
s
2 ∑

n
x(n)ψ(2sn− 1); n = 0, 1, . . . , L. (5)

In this study, the audio is decomposed into an “approximation” and a “detail” com-
ponent using a filtering implementation of the DWT [61]. In this case, a low-pass (G)
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and a high-pass (H) filter are used to separate the approximate (A(k)) and detail (D(k))
components of the signal, respectively:

A(k) = ∑
n

x(n)h(2k− n), and (6)

D(k) = ∑
n

x(n)g(2k− n). (7)

Here, we used the second order Daubechies wavelet [62] (“db2”) and 10 levels of
decomposition based on combinations reported in the literature.

With these common features extracted for all 11 hives over three months, we used the
empty hive and rainfall information to detect environmental sounds of interest and explore
the effects they have on these features.

2.2.5. Modulation Spectrogram

The modulation spectrogram is a frequency–frequency representation that helps us
to study the temporal dynamics of spectral components. Features extracted from the
modulation spectrum have been used widely in human speech analysis, as they provide
increased robustness against environment noise; representative examples include speaker
identification [63] and speech emotion recognition [64], to name a few. If we consider the
spectrogram as X(t, f ), the modulation spectrogram can be calculated as follows:

X( f , fmod) = Ft|X(t, f )|, (8)

where Ft is a second Fourier transform computed across the time axis of the first time–
frequency representation. The modulation spectrum is explored here as a potential tool for
beehive context awareness.

2.3. Beehive Strength Prediction Model

To quantify the impact of the three environmental factors on beehive monitoring
systems, three hive strength prediction models are developed, one based on each of the
three feature sets described in Section 2.2. The goal of this monitoring system is to predict
the number of frames of bees at any given point in time, thus serving as an indicator of the
hive strength. In our case, a maximum of three boxes were included per hive, with each
box containing 10 frames. As such, the model predicts a value between 0 and 30, where
zero indicates an empty hive and 30 indicates that all three boxes are full.

Following recent insights from [24], a state-of-the-art convolutional deep neural net-
work classifier was used. The three different two-dimensional time–frequency represen-
tations served as input to the classifier. Table 1 shows the network specifications. Each
convolution layer has L2 regularization with a weight decay of 0.001. All layers use a
Rectified Linear Unit (ReLU) as an activation function, except the output layer, which uses
a linear function. The best learning rate was found to be 0.001, and the batch size was set to
128. Lastly, mean absolute error (MAE) was used as the loss function to train the network.

Table 1. Proposed convolutional neural network architecture.

Layer Description

Convolution 128 filters, kernel size = 3× 3, strides = 1× 1

Convolution 128 filters, kernel size = 3× 3, strides = 1× 1
Batch normalization momentum = 0.99, gamma = 1.0, epsilon = 0.001
Max-pooling pool size = 3× 3, strides= 2× 2

Convolution 64 filters, kernel size = 3× 3, strides = 1× 1
Batch normalization momentum = 0.99, gamma = 1.0, epsilon = 0.001
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Table 1. Cont.

Layer Description

Convolution 64 filters, kernel size = 3× 3, strides = 1× 1
Batch normalization momentum = 0.99, gamma = 1.0, epsilon = 0.001
Max-pooling pool size = 3× 3, strides = 2× 2
Dropout 0.25 rate

Dense 128 units
Batch normalization momentum = 0.99, gamma = 1.0, epsilon = 0.001
Dropout 0.5 rate

Dense 1 unit

2.4. Experiment Setup and Figures-of-Merit

Audio data were recorded in 15-minute segments. These are divided into multiple
1-second signal frames, which were then used for feature extraction that served as input to
the classifier. Following suggestions from [30,31], two different experimental setups are
considered: “random-split” and “hive-independent”. In the former, the entire dataset from
the 10 hives is randomly divided into three parts: 25% is for testing, 20% for validation and
the rest is reserved for training. With the latter, a leave-some-hives-out setup was used.
In particular, data from seven hives was used to train the models (of which 30% of the
training data were set aside for validation), while the remaining three unseen hives were
used for testing. This was repeated until all hives appeared in the test set.

For model evaluation, two figures-of-merit were used: mean absolute error (MAE) and
the root mean square error (RMSE) obtained from the estimates and computed as follows,
respectively, for a sample size of M:

MAE =
∑M

n=1 |yi − ŷi|
M

, (9)

RMSE =

√
∑M

n=1 (yi − ŷi)
2

M
, (10)

where y is the observed value and ŷ the prediction.

3. Results and Discussion
3.1. Urban Sound Effects

As urban apiaries burgeon, common ambient sounds, such as car horns and train rail
squealing, will become nuances for audio-based hive monitoring applications. As such, it is
crucial to understand the impact that these sounds can have on the extracted audio features.
For our study, sounds of a nearby train passing by was a common noise that contaminated
the audio recordings. Figure 6, for example, shows the spectrogram measured from a
15-minute audio recording when the train was not passing by (subplot a), as well as when
the train passed by (subplot b). As can be seen, the train rail squealing caused a significant
disturbance in the audio around 64 Hz and higher frequencies such as 250 Hz, which is
crucial for beehive dynamics.

Next, we explore the effects that such urban sounds may have on MFCCs. Figure 7
shows the histograms of the distribution of the first two coefficients (subplots and and b,
respectively) across time instances in which the train sound was present versus absent.
As can be seen, the train rail squealing sound has a substantial effect on the distribution of
the MFCCs; in the case of the first coefficient, it increases the value by around 50 db. Such
effects may result in erroneous decisions by automated systems that rely on the first three
mel-frequency cepstral coefficients, such as the systems described in [3,30,31]. Figure 8
depicts the temporal changes seen in the first MFCC when the train passes by (see subplot b
around the 5 min time). For systems that rely on average MFCCs over time, such increases
will likely result in errors.
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(a) (b)

Figure 6. Spectrograms of cases where urban noises (e.g., train rail squealing sounds) are (a) not
present and (b) present.

(a) (b)

Figure 7. Comparison of the changes in distribution of the (a) first and (b) second mel frequency
cepstral coefficient with and without the presence of train rail squealing sounds.

Lastly, Figure 9a,b depict the DWT detail (D1-D10) and approximation (A10) compo-
nents extracted from the clean and noisy segments, respectively. As can be seen, the detailed
coefficients are particularly affected by this urban noise source, and would likely result in
errors for systems that rely on DWTs, such as the ones described in [29,31].
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Figure 8. First mel frequency cepstral coefficient time series when there are no trains nearby (top)
versus when the train passes by (bottom) within the 4:00–6:40 time range.

(a) (b)

Figure 9. Comparison of the changes in distribution of the DWT detail and approximation compo-
nents (a) without and (b) with the presence of train rail squealing sounds.

3.2. Speech Artifacts

Speech of people talking near the beehives is another common noise source when it
comes to audio-based monitoring systems. Male speech, for example, is known to have
fundamental frequencies ranging from 80 to 150 Hz, whereas female speech ranges from
160 to 250 Hz. These are typical ranges at which beehive acoustics are monitored, and thus
the system performance could be severely compromised. The spectrograms in Figure 10b,
for example, show scenarios in which speech is not present (plot a) near a particular hive
and when beekeepers are talking near the same hive (plot b). Next, the histogram of the
distribution of the first and third MFCCs shown in Figure 11 shows the impact due to
speech artifacts. Similar changes in the DWT detail and approximation components can be
seen in Figure 12.
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(a) (b)

Figure 10. Spectrogram comparisons when human speech is (a) not present and (b) present near
the hives.

(a) (b)

Figure 11. Comparison of the changes in distribution of the (a) first and (b) third mel frequency
cepstral coefficient with and without the presence of human speech.

(a) (b)

Figure 12. DWT detail and approximation component comparisons when human speech is (a) not
present and (b) present near the hives.
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3.3. Acoustic Effects of Heavy Rain

Lastly, the sound of heavy rainfall hitting the hive boxes can also cause sufficient
changes in the recorded audio to make monitoring systems fail. In our experiment, we
relied on weather information to pinpoint periods of the day during which precipitation
amounts greater than 9 mm were present. Figure 13 shows a comparison between the
spectrograms of a hive during a typical night (plot a) and the same hive under heavy
rainfall (plot b). As can be seen, rainfall sounds can severely affect multiple frequency
ranges of the hive, increasing the recorded sound in some bands by as much as 10 dB, and
thus is likely to deteriorate monitoring performance. The histogram of the distribution
of the first MFCC shown in Figure 14 shows the impact that rainfall can have on this
parameter. Lastly, Figure 15 shows the changes in the DWT components with and without
rain artifacts. Unlike the urban and speech effects, which were transient and lasted a few
seconds, rain sound can be much longer, potentially contaminating several hours of data,
thus severely affecting the automated monitoring system.

(a) (b)

Figure 13. Spectrogram comparisons (a) without and (b) with heavy rainfalls.

Figure 14. Comparison of the first MFCC histogram with and without rain.
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(a) (b)

Figure 15. DWT component comparisons (a) without and (b) with heavy rainfalls.

3.4. Prediction Model Performance

Table 2 presents the prediction model performance when only clean test samples are
available, as well as when the noisy samples are included. As can be seen, in the “random
split” scenario, the system based on MFCCs outperformed the two other systems and
achieved an MAE of 0.86 for the clean samples. When environmenta; factors were included,
the DWT-based system was the most affected. Overall, MFCC-based systems achieved
lower MAE under urban sound and heavy rain conditions, while the spectrogram-based
system achieved lower MAE when speech was present. For the “hive-independent” setting,
the three feature sets achieved similar results under clean conditions. The errors, however,
are substantially larger than those achieved in the random-split case, suggesting great
variability between hives. As mentioned previously, noise severely degraded performance.
In this case, the spectrogram features achieved lower MAE for urban sounds and speech,
whereas MFCCs performed better for heavy rain. In this setting, speech artifacts caused
the most harm to monitoring systems. Taken together, these results highlight the potential
of acoustics used in a machine learning framework and also the importance of context
awareness for beehive monitoring to ensure that such environmental factors are taken into
account during remote monitoring.

Table 2. Performance comparison (MAE and RMSE) for beehive monitoring systems based on three
feature sets under random-split and hive-independent testing scenarios.

Random-Split

Features Clean Urban sound Speech artifacts Heavy rain
MAE RMSE MAE RMSE MAE RMSE MAE RMSE

Spectrogram 1.03 1.93 1.46 2.13 1.23 2.43 2.88 4.53
MFCCs 0.86 2.34 1.17 2.72 1.86 3.93 1.00 2.52
DWT 1.42 4.43 4.84 6.52 1.92 6.12 6.47 9.01

Hive-Independent

Spectrogram 4.28 5.17 6.37 6.97 7.98 8.02 7.20 7.39
MFCCs 4.91 5.73 6.93 7.86 8.77 9.23 6.95 7.75
DWT 4.94 5.33 6.62 8.39 9.07 9.42 8.91 9.10

4. Recommendations

As shown above, environmental factors were shown to severely degrade beehive
monitoring system performance based on acoustic signals. While the audio segments
affected by heavy rain and train rail squealing sounds could potentially be detected based
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on weather stations’ information and/or train schedules, for example, detection of human
speech was more challenging. Given the detrimental effect that human speech showed on
hive-independent tests and colony behavior, an in-hive speech-detection system would be
required. Here, we recommend the use of the modulation spectrum to detect such artifacts.
The plots in Figure 16a,b show the modulation spectrogram of the audio data under clean
conditions, as well as with background speech, respectively. Here, the original sampling
rate of 48,000 Hz was used and a window length of 250 ms and window shift 31.25 ms
was used to compute the modulation spectrum. As can be seen, the speech signal changed
the dynamics of the audio below 8Hz modulation frequency (y axis), the region in which
speech is known to be in. In future work, automated speech detectors and multimodal hive
strength models using numerous sensors will be explored.

(a) (b)

Figure 16. Modulation spectrogram of a segment, including (a) no noise and (b) speech artifacts.

5. Conclusions

In this study, we collected audio, internal temperature, and internal humidity from
10 beehives and 1 empty hive in an urban apiary in Montréal, Canada. We showed the
impact that three prominent noise sources (urban sounds, background speech, and heavy
rain) had on three widely used features (spectrogram, MFCCs, and DWT). These impacts
include significant changes in important bands of frequency in spectrogram, changes in
the MFCCs distribution, especially in the first two coefficients, and lastly, distortion in
the details and approximation DWT coefficients. These features were then used to train
three separate hive-strength classifiers. The results indicated the potential of audio used in
a deep learning model for predicting beehive population and health state, as the system
based on MFCCs achieved an MAE of 0.86 for the clean samples. Tests using clean audio
segments and noisy segments showed the sensitivity of the systems to environmental noise.
We finalized the paper with recommendations on potential future works that could rely on
new modulation spectral features for background beekeeper speech detection.
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