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ABSTRACT
Construction equipment performance monitoring can support detecting equipment idle time, estimating
equipment productivity rates, and evaluating the cycle time of activities. Each equipment generates unique
sound patterns that can be used for equipment activity detection. In the last decade, several audio-based
methods are introduced to automate the process of equipment activity recognition. Most of these methods
only consider single-equipment scenarios. The real construction job site consists of multiple machines
working simultaneously. Thus, there is an increasing demand for advanced techniques to separate different
equipment sound sources and evaluate each equipment’s productivity separately. In this study, six
beamforming-based approaches for construction equipment sound source separation are implemented and
evaluated using real construction job site data. The results show that Frost beamformer and time-delay
Linear Constraint Minimum Variance (LCMV) generate outputs with array gains of more than 4.0, which
are more reliable than the other four beamforming techniques for equipment sound separation.
1

INTRODUCTION

The construction industry is underperforming relative to other industries and the whole economy;
Construction productivity, in most advanced economies, has been flat while manufacturing productivity
has almost doubled over the past two decades (Changali et al. 2015). To achieve higher construction
productivity, project managers need to improve on-site execution through tracking the efficient utilization
of labor, material, and equipment (Barbosa et al. 2017). Researches have been working on increasing the
productivity rate of the on-site construction activities by introducing automated approaches in different
construction domains (Noghabaei et al. 2020; Zamen and Dehghan-Niri 2020).
Heavy equipment is a critical and costly resource for contractors. In the last decade, the number of
research studies on construction equipment performance monitoring has increased considerably. Three
different approaches have been introduced: 1) vision-based methods (Zhu et al. 2017; Roberts and
Golparvar-Fard 2019; Luo et al. 2020), 2) audio-based methods (Sherafat et al. 2019a, b; Chen et al. 2020;
Lee et al. 2020), and 3) kinematic-based methods (Rashid and Louis 2019; Rashid and Louis 2020; Slaton
et al. 2020). Among these approaches, recognizing construction activities using generated sound patterns
have shown significant potential and proved to be efficient and economical because their required devices
(e.g., microphone and microphone arrays) are inexpensive and accessible (Sabillon et al. 2020). Moreover,
these methods can be used in different job site conditions (e.g., night time) and in large construction job
sites with the presence of obstacles (Sherafat et al. 2020). The major limitation of these methods, however,
is that they have been tested on single-equipment scenarios without any interference or noise from other
machines or workers on the job site, whereas real construction job sites include different types and numbers
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of machines working simultaneously, which increases the need for more robust and comprehensive
methods.
In real construction job sites, several equipment sounds are being generated from different directions
and distances. A microphone is installed in the construction job site to record equipment sounds. Currently,
two types of microphones are available in the market: 1) single-channel microphones and 2) microphone
arrays. The aforementioned audio-based methods are mostly using single-channel microphones. Singlechannel microphones are emphasizing on signals coming from a specific direction while attenuating signals
coming from other directions. These types of microphones have a fixed directivity pattern, which should
be physically directed towards the desired equipment sound signal (Allred 2006). These microphones lack
spatial information about sounds in the environment and perform poorly when several sound sources are
available (Schwartz et al. 2017). In other words, these types of microphones cannot find the Direction of
Arrival (DOA) and the location of the sound sources, thus making them unsuitable for multiple-equipment
scenarios. On the other hand, microphone arrays are capable of separating specific sounds and enhancing
the Signal to Noise Ratio (SNR) using acoustic beamforming. Based on the type of microphone being used,
sound source separation methods are classified into two main categories: 1) software-based methods and
2) hardware-based methods. Software-based methods use single-channel microphones and need special
mathematical algorithms, whereas hardware-based methods use microphone arrays to detect the DOA of
signals using beamforming techniques.
Acoustic beamforming is one of the main methods of spatial filtering or localization of the desired
sound source from a variety of other unwanted sound sources in the environment based on DOA using
microphone arrays. Beamforming algorithms work based on relative time delays between different
microphones. It has a wide variety of applications, including speech recognition (Schwartz et al. 2017;
Holder et al. 2020), hearing aids (Doclo et al. 2008), and robot systems (Novoa et al. 2019).
In the past decades, beamforming techniques have been applied in different areas. Speech enhancement
methods using microphone arrays and beamforming techniques have been studied extensively (Dam and
Nordholm 2017; Xenaki et al. 2018). Tiana-Roig et al. (2010) used the classical delay-and-sum
beamforming and circular harmonics beamforming to localize different environmental noise sources. Dam
et al. (2016) used an optimal beamformer to extract the desired speech signal in a two-speaker environment;
They used a voice activity detector to find the activity information and location of the speakers to feed their
optimal beamformer. In the near-field research domain, Kumar and Hedge (2016) investigated different
methods of beamforming for near-field acoustic source localization. Research studies in different
application areas are trying to improve the performance and optimize the algorithm for real-time purposes.
Before using beamforming techniques in these applications, different types of conditions should be
considered, which might affect the results of the beamforming. One of the crucial factors is the distance
between the microphone array and sound sources. Sound sources that are farther than specific criteria are
considered as far-field, while sound source which is closer are considered as near-field. The former has a
spherical wavefront, while the latter has a planar wavefront. The other significant factor is the location of
the sound sources. Sound sources which are generated indoor required specific considerations due to the
sound reverberations. Beamforming methods can be classified based on different properties which are as
follows:
1) Conventional or adaptive: Conventional beamforming or classical beamforming techniques do not
have fixed weights for beam pattern and do not depend on the array data (e.g., time delay beamformer). On
the other hand, adaptive beamforming techniques find weights based on the array data (e.g., frost
beamformer).
2) Narrowband or wideband: Bandwidth of the signal affects choosing the appropriate type of
beamforming technique. Narrowband beamformers (e.g., phase shift beamformer) are treated differently
than wideband beamformers (e.g., generalized side-lobe canceler beamformer) because they assume that
signals contain much less frequency spectrum. When the signal is narrowband, time delay in time-domain
is equivalent to a phase shift in frequency-domain.
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3) Time-domain or frequency-domain: Signals can be processed in time-domain, or they can be
converted to the frequency domain, a linear phase shift is applied, and then they converted back to the timedomain.
In the construction domain, to the best of our knowledge, sound localization and separation have not
been thoroughly studied. In a recent study, Cheng et al. (2019) used delay-and-sum beamforming to isolate
the desired signal from a mixed-signal. They have not, however, provided a detailed analysis of the
assumptions and the results of the beamforming. This study aims to investigate the results of different
beamformers on the construction job sites to separate different equipment sound sources from the mixed
signals recorded using a microphone array.
The rest of this study is organized as follows: Section 2 explains several beamformers. Section 3
discusses the implementation of these beamformers on real construction job sites with multiple equipment
working simultaneously, and Section 4 presents the results. Finally, Section 5 provides the conclusion and
suggestions for future studies.
2

BEAMFORMERS

Based on the introduction to beamformers, the authors evaluated the equipment signals on the construction
job site to have a better understanding of the signal in time-domain and frequency-domain. The recorded
signals of three types of machines (i.e., bulldozer, jackhammer, and excavator) in both time and frequencydomain are shown in Figure 1 and Figure 2, respectively. |𝑃1 (𝑓)| shows the magnitude of each frequency
in the frequency-domain. These signals are recorded at 44.1 kHz for 30 seconds separately without any
interference from other machines.

Figure 1: Time-domain signal of three types of construction equipment.
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Figure 2: Single-sided amplitude spectrum of three types of construction equipment signal.
A careful examination of Figure 2 shows that different construction equipment generates different types
of signals in both time-domain and frequency-domain. For example, bulldozer, jackhammer, and excavator
signals have negligible frequency components above 7 kHz, 17 kHz, and 3kHz, respectively. However,
construction equipment signals still consist of a wide range of frequency components, which confirms that
their signals are wideband. Thus, to separate equipment sound sources in the construction job site,
beamformers that are specific for wideband signals should be chosen. This study compares six common
wideband beamformers, which are as follows: 1) time-delay beamformer, 2) sub-band phased shift
beamformer, 3) time-delay Linear Constraint Minimum Variance (LCMV) beamformer 4) frost
beamformer, 5) generalized side-lobe canceler (GSC) beamformer, and 6) wideband Minimum-Variance
Distortionless-Response (MVDR) beamformer. In the following sections, a high-level structure of these
beamformers is introduced.
2.1

Time-delay Beamformer

The Time-delay beamformer is the simplest type of beamformer. It performs delay-and-sum beamforming
based on the relative delays between the plane-wave signals arriving at the array microphones. Microphones
are receiving the same signal from a specific direction but with different delays. This beamformer calculates
the delays and applied reverse delays to the signal. In Figure 3, the architecture of the delay-and-sum
beamforming is shown. The extra distance that the signal needs to propagate, ∆, is calculated using equation
(1).
∆ = 𝑎 sin 𝜗

(1)

In equation (1), 𝑎 is the distance between microphones in the microphone array in meters, and 𝜗 is the
angle of incidence of the signal in degree. This distance can be expressed as radian measure, 𝜑, using
equation (2).
𝜑 =

2𝜋
𝜆

𝑎 sin 𝜗
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In equation (2), 𝜆 is the wavelength of the signal. This phase angle is used to delay or advance the signal
using equation (3).
ℯ 𝑖𝜑 ℯ 𝑖𝜔𝑡 = ℯ 𝑖(𝜔𝑡+𝜑)

(3)

In equation (3), 𝜔 is the frequency of the signal, and 𝑡 is the time. The signals received by the
microphones are delayed or advanced in the time-domain or frequency-domain, accordingly, summed
together, divided by the appropriate weight coefficients, and converted back to the time-domain if these
calculations are done in the frequency-domain. In delay-and-sum beamforming, all of the weight
coefficients for microphones are the same and equal to 1⁄𝑛 in which n is the number of microphones.

Figure 3: Delay-and-sum beamforming architecture.
2.2

Sub-band Phased Shift Beamformer

This beamformer splits the wideband signal into sub-bands and applies narrowband phased shift
beamforming in each of the sub-bands (Kumatani et al. 2008). Using the same process as delay-and-sum
beamformer, the delays in the time-domain are converted to phased shifts in the frequency-domain, and
each microphone signal is multiplied by a frequency-dependent phase shift that compensates for the delay.
After all of the signals in the sub-bands are delayed or advanced, they are rearranged together to generate
the output signal.
2.3

Time-delay Linear Constraint Minimum Variance (LCMV) Beamformer

This beamformer implements the LCMV beamformer in the time-domain by steering the array to the
desired direction and applying a Finite Impulse Response (FIR) filter to the output of each microphone.
The LCMV beamformer calculates the weights by minimizing the total output power of the array, 𝑃, and
considering some constraints (Van Trees 2002) using equation (4).
𝑃 = 𝑤 𝐻 𝑆𝑤

(4)

In equation (4), 𝑆, is the sensor spatial correlation matrix, H is the Hermitian matrix or conjugate
transpose of it, and 𝑤 is the weight matrix. A constraint is applied to the weights to generate a unit gain in
the direction of the desired signal, and some constraints may be applied to other directions to nullify the
array response in those directions. (𝐴𝑧1 , 𝐸𝑙1 ), (𝐴𝑧2 , 𝐸𝑙2 ), … (𝐴𝑧𝐾 , 𝐸𝑙𝐾 ) are all known directions with a
constraint. Each direction has its own corresponding steering vector, 𝑐𝑘 , and the response of the array to
that direction, 𝑟𝑘 is calculated using equation (5).
𝑐𝑘𝐻 𝑤 = 𝑟𝑘
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In equation (4), H is the transpose conjugate. Concatenating all of these constraints into matrix 𝐶 and
responses into a single matrix 𝑅, the matrix form of equation (4) is derived, which is shown in equation (6).
𝐶𝐻𝑤 = 𝑅

(6)

LCMV minimizes equation (4) subject to the above constraints to find the weights. The weights are
calculated using equation (7).
𝑤 = 𝑆 −1 𝐶(𝐶 𝐻 𝑆 −1 𝐶)−1 𝑅
2.4

(7)

Frost Beamformer

Frost algorithm (Frost 1972) has been recognized as one of the popular adaptive beamformers as it is
capable of reduces the noise from other directions while preserving the desired signal from the incident
direction. It adaptively minimizes the noise energy by finding appropriate weights for the FIR filter for the
received and delayed signal at each microphone in the array. This beamformer only needs the desired DOA
and frequency band of the signal. In other words, Frost algorithm is a type of LCMV beamformer that
utilizes the stochastic gradient descent algorithm to iteratively find the statistics of the noise arriving from
different angels (Ribeiro et al. 2019). The LCMV beamformer maintains the output power of the
microphone array in the desired direction while suppressing the power from other directions. In other words,
Frost algorithm The structure of the Frost beamformer is shown in Figure 4.

Figure 4: The filter-sum beamformer structure for Frost’s algorithm (Greensted 2010).
This beamformer consists of two stages: 1) the delay stage and 2) the FIR stage. In the delay stage, the
signals received by the microphones are aligned. In the FIR filter stage, weights are adjusted to maintain
the input signal power. 𝑋 𝑇 , the transpose of the sample vector and 𝑊 𝑇 , the weight vector are shown in
equation (8) and equation (9).
𝑋 𝑇 (𝑘) ≜ [𝑥0 (𝑘), 𝑥1 (𝑘), … , 𝑥𝑀−1 (𝑘), 𝑥𝑀 (𝑘), … , 𝑥2𝑀−1 (𝑘), … , 𝑥(𝐽−1)𝑀 (𝑘), … , 𝑥𝐽𝑀−1 (𝑘)]
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𝑊 𝑇 (𝑘) ≜ [𝜔0 , 𝜔1 , … , 𝜔𝑀−1 , 𝜔𝑀 , … , 𝜔2𝑀−1 , … , 𝜔(𝐽−1)𝑀 , … , 𝜔𝐽𝑀−1 ]

(9)

The output of the beamformer 𝑦(𝑘) is the multiplication of sample and weight vectors using equation
(10). Also, a constraint matrix is used for the weights in a way that only minimizes the noise power, not the
desired signal power.
𝑦(𝑘) = [𝜔0 , … , 𝜔𝐽𝑀−1 ][𝑥0 (𝑘), … , 𝑥𝐽𝑀−1 (𝑘)]𝑇
2.5

(10)

Generalized Side-lobe Canceler (GSC) Beamformer

This type of beamformer implements the LCMV beamformer efficiently. When the number of microphones
increases, the LCMV beamformer is computationally costly. GSC beamformer utilizes an alternative
approach by converting the problem to an adaptive unconstraint problem (Griffiths and Jim 1982). The
GSC beamformer splits incoming signals into two signal paths. The upper path is a Fixed Beamformer
(FB), which applies a conventional beamformer while the lower path implements an adaptive unconstrained
beamformer. The Blocking Matrix (BM) is orthogonal to the signal and removes the signal and maintains
the noise from other directions. The output of the GSC beamformer is calculated by subtracting the output
of the lower path from the output of the upper path. The structure of the GSC beamformer is shown in
Figure 5.

Figure 5: Structure of the GSC beamformer (Hidri et al. 2012).
2.6

Wide-band Minimum-Variance Distortionless-Response (MVDR) Beamformer

MVDR beamformer is a data-dependent adaptive beamformer to minimize the variance of the recorded
signal. Because usually the desired signal and the noise are uncorrelated, the variance of the recorded signal
is the sum of the variances of the noise and the desired signal (Van Trees 2002). MVDR tries to minimize
this sum and suppress the noise signals. MVDR weights, w, are calculated using equation (11) in a recursive
way.
𝑤=

𝑆 −1 𝑉0
𝑉0 𝐻 𝑆 −1 𝑉0

(10)

In equation (10), 𝑉0 is the steering vector corresponding to the desired direction, and 𝑆 is the spatial
covariance matrix.
3

METHODOLOGY

To separate different equipment sound sources on the construction job site, a microphone array is required.
As mentioned before, single microphones are not appropriate for sound source separations, and most of the
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current studies on sound source separation are implemented using microphone arrays. Microphone arrays
consist of several microphones with specific layouts such as linear, rectangular, circular, and conformal. In
this study, the authors used XMOS xCORE-200 (XMOS, Bristol, England) and placed it on the job site
with distances less than 15 m from the sound sources. This microphone array consists of seven
microphones, six on the perimeter and one in the middle (Figure 6). The authors have only used the
recordings of six microphones on the perimeter. Each microphone receives the same signal with different
delays and levels of noise. Also, the quality of the recorded sound is dependent on the distance of the sound
sources and the presence of noise in the environment.

Figure 6: XMOS xCORE-200 microphone array.
In this study, 25 seconds of recordings are used to apply different beamformers. The sound speed is
used for calculations, and the sampling frequency is 44.1 kHz. Also, to separate sound sources, a time
window of 2 seconds is used. This time window is enough to capture the delays between different channels,
and it has sufficient frequency content for signal processing step in each beamformer. Equipment sounds
are received from different directions. The sound direction angle consists of two parameters; [azimuth,
elevation]. Generally, the azimuth angle is positive when it is rotated counter-clockwise from x-direction,
and the angles lie between -180 degrees to 180 degrees. The elevation angle is measured between the XY
plane and the vector pointing the object and lies between -90 degrees and 90 degrees. To evaluate the
performance of beamformers, array gain has been used as the output criteria. The sounds of each machine
are also recorded separately without any interference from other machines to be used in array gain
calculation. Array gain is the ratio of output Signal-to-Interference-plus-Noise Ratio (SINR) to input SINR
and is measured in decibels using equation (11) (Frost 1972). The more value for array gain means that the
beamformer has better performance. For example, an array gain of 10 means that the beamformer obtained
an SINR improvement of 10 dB.
𝐴𝑟𝑟𝑎𝑦 𝐺𝑎𝑖𝑛 = 10 log10 (

𝑚𝑒𝑎𝑛((𝐽𝑎𝑐𝑘ℎ𝑎𝑚𝑚𝑒𝑟 𝑖𝑛𝑝𝑢𝑡 𝑡𝑖𝑚𝑒 𝑠𝑖𝑔𝑛𝑎𝑙+𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑜𝑟 𝑖𝑛𝑝𝑢𝑡 𝑡𝑖𝑚𝑒 𝑠𝑖𝑔𝑛𝑎𝑙)2 )
𝑚𝑒𝑎𝑛((𝐵𝑢𝑙𝑙𝑑𝑜𝑧𝑒𝑟 𝑜𝑢𝑡𝑝𝑢𝑡 𝑡𝑖𝑚𝑒 𝑠𝑖𝑔𝑛𝑎𝑙−𝐵𝑢𝑙𝑙𝑑𝑜𝑧𝑒𝑟 𝑖𝑛𝑝𝑢𝑡 𝑡𝑖𝑚𝑒 𝑠𝑖𝑔𝑛𝑎𝑙)2 )

)

(11)

In the next section, the results of sound sources separation for a real case study on the construction job
sites are described.
4

CASE STUDY AND RESULTS

This study evaluates the performance of these beamformers on construction equipment sound separation.
Three types of machines (i.e., bulldozer, jackhammer, and compactor) are working simultaneously, and a
circular microphone array with six microphones is placed in the middle of them. Figure 7 presents the layout
of the machines’ sounds directions and microphone array setup.
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Figure 7: Layout of a machines’ sounds directions (left); microphone array setup (right).
For this case study, it is assumed that the elevation angle of the sound received from the machines is
zero because the machines are located far away from the microphone array. Also, due to this distance, it is
assumed that sound signals are far-field, and they have a planar wavefront. The corresponding DOAs for
the machines’ sounds are as follows: 1) jackhammer [-45, 0]; 2) bulldozer [90, 0]; and 3) compactor [180,
0]. In this case study, the authors separate the bulldozer sound received from [90, 0] and evaluated the
enhancement performance of the beamformers by their array gain.
Table 1 presents the array gain for different beamformers. Sub-band phased shift, and wideband MVDR
beamformers output depends on the number of sub-bands and time-delay LCMV, Frost, and GSC
beamformers rely on the filter length.
Table 1: Comparison of different beamformers.
Number of Array gain
Filter
Array gain
Beamformer
Beamformer
Sub-bands
(dB)
Length
(dB)
Time-delay
NA
3.6680
Frost
20
4.1505
Sub-band Phased Shift
25
2.4801
40
4.1827
50
3.1325
60
3.8350
100
3.4679
80
3.6492
150
3.5694
100
3.5833
200
3.6345
GSC
20
1.6021
250
3.6532
40
2.1882
300
3.6838
60
2.2323
Wide-band MVDR
5
0.1831
80
2.1257
10
0.8149
100
2.1457
15
1.1939
Time-delay LCMV
20
4.1505
20
1.5048
40
4.1827
25
1.3493
60
3.8350
30
1.0678
80
3.6492
35
0.9103
100
3.5833
As Table 1 shows wideband MVDR has the lowest average array gain, and Frost and time-delay
LCMV have the highest average array gain. Also, the array gain for Frost and time-delay beamformers are
similar for the same filter length. Moreover, the performance of the sub-band phased shift beamformer
increases as the number of sub-bands increases. However, this increase is not significant after 200 sub-
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bands. Increasing the number of sub-bands impact on the computational time of the beamformer, so it is
not efficient. Wide-band MVDR has the highest array gain for 20 sub-bands, Frost and time-delay LCMV
has the best performance with a filter length of 40, and GSC has its highest array gain with a filter length
of 60. To better analyze the effect of the top two beamformers (i.e., sub-band phased shift, Frost), the effect
of the number of sub-bands on sub-band phased shift beamformer and the effect of the filter length on are
investigated. Figure 8 presents the results of this analysis.

Figure 8: Array gain vs. the number of sub-bands for sub-band phased-shift beamformer (left); Array
gain vs. filter length for Frost beamformer (right).
As the number of sub-bands increases, the array gain of sub-band phased-shift beamformer increases;
however, this increase is not significant for the number of sub-bands more than 200. Also, the array gain
for Frost has the highest value for filter length of 30, and it decreases by increasing the filter length.
5

CONCLUSIONS

Beamformers have abundant applications in radar and sonar. They have not been used in the construction
industry, yet. One of their applications in the construction industry is separating different sound sources on
the construction job site and using separated sounds for automated activity recognition and tracking. This
study utilizes different beamformers for a simple case study where three types of machines are working
simultaneously. The machines’ sounds are received from different angles, and the sound of bulldozer is
separated using different types of beamformers. These beamformers have different performances based on
different conditions such as far-field or near-field conditions, noisy environment, and also different
beamformer setups such as the number of sub-bands and filter length. Several assumptions are used in this
case study. For example, the signals generated by the machines are assumed to be far-field, and the elevation
for DOAs is assumed to be zero due to the distance between the microphone array and the machine.
There are some limitations to this study. The number of machines and their DOAs is known before
running beamformers. In other words, these two parameters are the inputs of the beamformers and should
be known or estimated. Also, this study assumes that multiple machines are working in different sound
directions. Separating sound sources coming from the same direction needs more complicated setup, such
as placing several microphones on the job site and recording the equipment sounds from multiple directions.
There are several methods available for DOA estimation, which will be evaluated in future studies.
Construction job sites are noisy environments that impact on the performance of beamforming.
Furthermore, some construction job sites are large and require several microphone arrays to be placed to
record different sound sources from different corners of the job sites because sound power decreases as it
propagates through space.
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