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ABSTRACT

Monitoring equipment and constructing activity data in construction sites are essential to obtain reliable
decision-making through simulation models. The audio-based equipment monitoring could provide critical
information about the work process and site conditions. Although a large-scale dataset is essential for audio-
based activity recognition, it is time consuming and labor intensive to collect data on site. Therefore, this
study proposes a framework for constructing an audio dataset of equipment from online sources. The
framework involved selecting appropriate audio using machine learning algorithms, audio denoising, and
audio separation models. The validity of the constructed dataset was examined with six classifiers and
compared with the benchmark models constructed using real-world equipment audio. The classification
results provided 64%-93% accuracy, which demonstrates that the constructed dataset using the proposed
framework is effective in recognizing real-world sounds. The outcomes are anticipated to improve audio-
based activity recognition processes, potentially helping to monitor equipment productivity.

1 INTRODUCTION

As construction projects increasingly become bigger and more complicated, simulation models are used to
make decisions for various resource operations that are difficult and time-consuming to evaluate on the
real-world construction site (Matrinez et al. 1999; Hajjar et al. 1999). To provide the greatest results from
the simulation model, it should accurately reflect the real information of construction projects by
incorporating data that describes resources and processes (Gong et al. 2010; Akhavian et al. 2015). Unlike
previous studies that have conducted simulation for construction resources using expert judgment,
subjective assumptions and parameters from past projects, data-driven simulation models have been
considered important to ensure the reliability of critical decisions such as equipment operation time
(AbouRizk 2010; Akhavian et al. 2013). For high fidelity simulation, monitoring equipment and
constructing fine-grained activity data obtained as a result of activity recognition in construction sites are
essential.

In recent years, many researchers have tried to apply automated monitoring methods to reduce the time
spent on monitoring and to improve accuracy and efficiency (Ahn et al. 2012; Fang et al. 2018; Xiao et al.
2021). Various data, including visual, kinematic, and audio (Sherafat et al. 2021), have been used in
automated monitoring methods. Since environmental variables like lighting, dust, snow, and rain can affect
visual data, there should be no obstructions between the camera and the resources. (Lee et al. 2020). Also,
it needs light to record images and there are privacy issues when utilized on the jobsite (Cheng et al. 2017;
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Kimetal. 2017; Angah et al. 2020). Kinematic data requires many devices, which makes this method costly,
and signals could be interrupted or disrupted when multiple tags are present in construction site. Especially,
installation of sensor devices on all deformable components of equipment and workers is difficult
(Alshibani et al. 2016; Kim et al. 2021).

On the other hand, a construction site is an environment in which various sounds are generated, and in
particular, the sound of construction equipment is the main audio source. These audio data can provide
useful information indicating type of input equipment, work process, and site condition (Lee et al. 2020).
Therefore, a deeper understanding and analysis of audio data for construction equipment could provide
insightful field information for project managers and participants to intuitively assess site conditions and
remotely manage site processes. To achieve the potential of the equipment audio data for audio-based
activity recognition, various studies have used microphones for collecting audio data from construction
sites and then conducted machine or deep learning techniques after data preprocessing (Cheng et al. 2016;
Cho et al. 2017; Scarpiniti et al. 2021). To establish an accurate monitoring system with such a process,
sufficient audio datasets are indispensable.

In order to obtain the desired audio dataset, the current state is based on manually recording and
collecting audio data at the construction site, which is inefficient and time-consuming (Cheng et al. 2017).
In the case of image and video data of construction equipment, there are online resources that can be applied
to deep learning models. However audio data of equipment is rarely found and there is no data refined for
use in audio-based activity recognition research. Recent papers have demonstrated the possibility of
collecting high-quality and large-scale environmental and speech datasets in an automated manner by using
object detection algorithms (Nagrani et al. 2017; Chen et al. 2020). Likewise, constructing audio datasets
of construction equipment from online sources is promising and would provide an unconstrained dataset,
but there exist several challenges: (1) such data from online sources often includes unwanted sounds (e.g.,
noise, speech, and music) in addition to the desired equipment sound; (2) audio of online videos often does
not match with the visual scenes of those videos; and (3) they often include sounds from multiple pieces of
equipment at the same time.

The primary objective of this study is to propose a framework for constructing an audio dataset of
construction equipment from online videos. The framework includes collecting online videos of
construction equipment, selecting positive clips that satisfy desired conditions, enhancing audio signals by
denoising, and separation for audio-based activity recognition. This study focused on constructing audio
datasets for four types of equipment (excavator, compactor, dozer, and breaker). Finally, we examined
whether the datasets constructed from the proposed framework allow for construction of effective audio-
based activity recognition models by training various classifiers using the constructed datasets and testing
those classifiers on a real-world audio dataset.

2 RELATED WORK

2.1 Audio-Based Activity Recognition of Construction Equipment

There are various types of equipment and noise sources that produce different sounds at construction sites.
By analyzing these audio signals, it is possible to monitor the progress of equipment and measure
productivity (Sabillon et al. 2018). To achieve the potential of audio-based equipment activity recognition,
various studies have been conducted to develop monitoring systems with the audio data. Those studies have
used microphones to capture audio signal, and conducted signal processing and feature extracting to
enhance the data (Sherafat et al. 2020). Also, machine or deep learning techniques are adopted to detect
and classify activity types of equipment. There are studies that present attempts to use audio as a method
for identifying activity of equipment and develop support vector machine (SVM) and hidden Markov
models (HMM) to classify activities of equipment (Cheng et al. 2017; Sabillon et al. 2018; Zhang et al.
2018, Sherafat et al. 2022). Various deep learning (DL) techniques such as convolutional neural network
(CNN), deep recurrent neural network (DRNN), long-short term memory (LSTM), and deep belief network
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(DBN) are implemented to improve the performance of audio-based equipment recognition systems (Zhang
et al. 2018; Scarpiniti et al. 2020; Lee et al. 2020; Scarpiniti et al. 2021).

In order to construct these models, it is a priority to prepare sufficient audio datasets for use in research.
Most of the previous studies have used datasets recorded on the jobsite, and consequently, these datasets
are not large enough and are limited to specific sites and equipment types/models. Also, since the
aforementioned papers used audio datasets recorded in a restricted environment, the mixed audio data is
not sufficiently considered when multiple types of equipment are operated simultaneously. Thus, motivated
by these challenges, this study suggests a framework to construct a large-scale audio dataset of equipment
from online sources and provides a comprehensive solution to cover the entire range of equipment.

2.2 Constructing Audio Datasets from Online Sources

While several studies constructed image datasets of construction equipment from online sources (Tajeen et
al. 2014; Xiao et al. 2021), there has been no attempt to build an audio dataset of construction equipment
from online sources. On the other hand, in other fields such as speech recognition, various audio datasets
have been constructed from online videos on YouTube (Nagrani et al. 2017; Gemmeke et al. 2017;
Chaudhuri et al. 2018). In addition, recent papers have proposed how to build a dataset automatically from
online videos using computer vision algorithms for visual verification (Chen et al. 2020; Watanabe et al.
2020; Lee et al. 2021). These approaches could be used to construct an audio dataset of equipment, but
several improvements are necessary. Since the previous methods of building datasets automatically focused
on visual information, the dataset could not be guaranteed to contain the desired audio signal. In a study for
curating datasets for speaker recognition, other vision-based approaches such as face tracking and mouth
motion detecting are applied to determine which face belongs to the speaker (Nagrani et al. 2017). However,
the models are trained for speech, so it is challenging to apply to construction equipment. In addition, the
audio signal extracted from the online video may contain irrelevant audio because it is recorded from
unattributable media. Although the unnecessary sound should be excluded, existing research has rarely
suggested ways to improve audio quality. Therefore, it is necessary to confirm the correspondence between
visual scene and audio of the equipment and eliminate unnecessary audio data to improve audio quality.

3 METHODOLOGY

The proposed framework to construct audio datasets of construction equipment from online videos in an
automated manner included four main steps: collecting online videos, selecting positive clips through
computer vision and audio classification algorithms, enhancing audio signals by denoising, and separating
audio signals. Figure 1 shows the research framework for constructing audio datasets. The first step was to
collect appropriate videos of equipment to be used in this study from online video sources and aimed to
reduce irrelevant videos by using detailed search query. The second step was to select the detected section
in which equipment appears visually that contained audio signals of equipment by applying a computer
vision-based object detection model and the CNN-based audio classification algorithm to the videos. The
third step aimed to enhance the audio signal by applying a denoising model to eliminate noise contained in
the audio signal extracted from the selected section. Last, if two or more equipment sounds were mixed,
audio separation was conducted to separate mixed audio signals to make an effective dataset for deeper
audio-based activity recognition. By following these processes, audio datasets of construction equipment
can be developed, including annotation.

3.1 Collecting Online Videos

The first step to develop construction equipment audio datasets extracted from online videos is to determine
a tentative list of equipment classes for the dataset and to download videos through web crawling. Four
types of construction equipment, namely excavator, compactor, dozer, and breaker, were chosen in this
study. The selected types of equipment are considered to be common operating equipment on construction
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sites. The videos were searched using the selected equipment category as a search query. In order to not
search irrelevant videos such as animation, toys, images, and duplicate videos, the search query needed to
be specific and include information such as equipment name, manufacturing brand, and even model name.
For example, using excavator caterpillar 311 as a search query rather than just excavator is more effective
to obtain videos of the actual construction equipment desired in this study. Under this approach, videos of
construction equipment were downloaded using web crawler. Audio signals were extracted from the
downloaded videos, and each video and audio file were annotated based on the search query.
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Figure 1: Research framework to construct equipment audio datasets.

3.2 Selecting Positive Clips

The purpose of this step was to select positive video and audio clips of construction equipment from among
the downloaded videos. In detail, the first step was to find a section in which construction equipment is
detected in the entire video through a computer vision algorithm. The next step was to find a section in
which audio signals of the construction equipment are detected through audio classification algorithms in
the same videos. Through these two steps, the final candidate clips were selected. Figure 2 shows the task
definition to select positive clip sections by the results of object detection and audio classification. As shown
in the figure, it is possible to derive the result of the section in which the excavator is detected through the
object detection model. In addition, the audio classification model can identify which audio is included,
and among them, the section result containing the audio signal of the explorer can be derived. Based on the
results derived through the two models, the overlapping section is selected as a positive clip section.

The object detection algorithm was used to find the section in which the desired equipment appears in
the video, and the YOLOv5(You Only Look Once) model was used in this study. The YOLOv5 model is a
one-stage algorithm for object detection and this study applied it because of its superior accuracy, speed,
and diverse application to detect and extract information of construction equipment from videos (Zhu et al.
2021). The dataset used to train the object detection model included online open image data and a large-
scale construction equipment image dataset named the Alberta Construction Image Dataset (ACID) (Xiao
et al. 2021). The pretrained model was applied to the previously downloaded videos of construction
equipment. The detection results included equipment presence information, coordinate information for each
frame, and time information.

It is not appropriate to select all sections as positive clips just because equipment has been detected by
the object detection model. It can be detected incorrectly by an error of the computer vision algorithm. To
control this issue, this study set criterions by controlling the confidence threshold. For the YOLOvV5 model,
to maximize probability-based detection quality (PDQ), the inflection points of the confidence score
threshold was about 0.7 and this study applied the same value for the detection result with high quality and
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accuracy (Wenkel et al. 2021). Furthermore, if the video is recorded too far from the equipment, there is a
high possibility that the audio signal contains a lot of noise. This problem was solved by excluding cases
in which the box size detected in the equipment is less than 1/3 of the frame size.

Object Detection
Results

Audio Classification
Results

Positive Clip Section

Vision: [ Excavator
Audio: [N Excavator I  Speech

Figure 2: Selecting positive clip sections by the results of object detection and audio classification.
Figure 3 illustrates example images of detected equipment according to the object detection result.

Figure 3(a) shows positive section clips selected through object detection models, Figure 3(b) shows
excluded section clips due to detected box size condition, and Figure 3(c) shows section clips in which

(b)

Figure 3: Example images of detected equipment by object detection: (a) positive section clips; (b)
excluded section clips due to box size condition, and (c) section clips with multiple equipment detected.

For the same video that was detected in object detection, an audio classification algorithm was used to
find the sections that contain construction equipment audio signals. Even if the construction equipment
appears on the screen in the previously downloaded construction equipment video, it cannot be guaranteed
to include the audio signal of the equipment. There are many videos that contain other audio signals in the
background, especially music or human voices. In order to extract the pure audio signal of construction
equipment, it is necessary to find a section containing only the audio signal of equipment, except for the
section containing other audio.

To make a distinction, the audio classification was conducted with a CNN-based PANNS(pretrained
audio neural networks) pretrained model trained with a large-scale audio dataset (Kong et al. 2020). The
audio signal was extracted separately from the downloaded videos, and the audio classification model was
conducted to predict audio signal in every second. The critical issue of this process is to exclude sections
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that contain other audio signals such as music and human speech. The post-processed prediction results of
the audio classification model indicate a prediction confidence value for each class and if the value of music
and speech exceeds 0.01, that audio signal was excluded. Figure 4 shows spectrograms of the audio
classification results. Figure 4(a and b) are classified as music and speech without equipment sound, so
those signals were excluded. If classified as equipment as shown in Figure 4(c), it was classified as a
positive clip, but if it is mixed as shown in Figure 4(d), only the section with the equipment audio signal
was selected by cutting the audio into seconds. Through this process, the positive audio clip containing
audio signals of the construction equipment could be selected. Finally, based on the results derived through
both object detection and audio classification models, the overlapping sections were selected as the final
positive clips. The clips selected in this process have a high probability of audio-visual correspondence.
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Figure 4: Example results of audio classification: (a) classified as music (negative); (b) classified as
speech (negative); (c) classified as equipment sound without other sound (music or speech) (positive); and
(d) partially classified as equipment sound (partially positive).

3.3 Enhancement of Audio Signal

Although positive clips containing audio signals of construction equipment are selected through object
detection and audio classification, background noise (white noise, wind noise, etc.) may be included due to
the nature of the construction site. Therefore, this study conducted audio enhancement to improve the
guality of the audio signal by audio denoising. To provide adequate audio data, each audio clip was split
into a fixed length frame and two steps of audio enhancement were performed.

During the first step, silence segments were removed with a bandpass filter from each audio clip. The
bandpass filter effectively passed a specified band of frequencies and filtered out frequencies below and
above this defined band. Any audio signal under the threshold of —30dB was removed in this step (Scarpiniti
et al. 2021) The next step of audio enhancement was denoising the background noise in construction sites.
The denoising method used in this study is a method of extracting features such as the short-time Fourier
transform (STFT), mean, and standard deviation of background noise, computing a threshold noise level
based upon those characteristics, generating a mask over the noise, and finally applying a noise mask to the
original audio to be denoised (Sainburg et al. 2020). Ten audio signals for noise used in this step were
manually sampled with only background noise, not including the audio signal of construction equipment in
the construction site videos.
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3.4  Separation of Audio Signal

On construction job sites, multiple pieces of equipment are operating simultaneously and their audio signals
are mixed (Sherafat et al. 2022). This mixed audio signal is one of the significant challenges in audio-based
activity recognition. Since the audio data extracted in the previous step may also have mixed audio signals,
it was necessary to separate the audio through an audio source separation model and convert it into each
audio signal. There is a hardware-based audio separation method in which microphone arrays are installed
at the construction site to amplify the intended sound of equipment and remove noise from other directions
(Sherafat et al. 2020). However, this method cannot be applied to audio data extracted from online videos
because it cannot be determined how it was recorded, and a simpler method of software-based audio
separation should be applied.

Therefore, this study suggests an effective way to separate mixed audio signals through an unsupervised
audio separation method by applying a time-frequency masking approach. Masking means to assign each
of the time-frequency bins to one source, in part or in whole (Manilow et al. 2018). In other words, if the
audio signal of one equipment is known, a mask is generated with the audio signal and applied to the
mixture phrase to separate and return other equipment audio signals. The known audio signal of equipment
refers to the audio signal generated in a phrase in which only one type of equipment is operating in a video.
The proposed separation model was applied to the videos with two types of equipment operating, with some
sections containing only one audio signal. In the previous process, positive sections in which equipment
was detected and the audio signal of that equipment was included are selected, and it was possible to select
the section in which two equipment are detected in the video through the results of object detection. The
separation model was applied to only the audio that satisfies the conditions.

Figure 5 shows the framework of audio signal separation proposed in this study. First, a mel-frequency
spectrogram image was extracted by computing the STFT (short-time Fourier transform in an audio signal
when there was only one type of equipment and an audio mask was generated. At the same time, the
spectrogram of the audio signal of the mixture phase with two types of equipment was extracted in the same
way and the obtained mask was applied to it. The mask is a matrix that is the same size as a spectrogram
and contains values, and each value in the mask determines what proportion of energy of the original
mixture that a source contributes (Luo et al. 2018). Applying a mask means multiplying the value of the
mask by the spectrogram of the original mixture. If the mask is inverted and applied to the mixture, only
the spectrogram of the other remains, and finally, two separate audio signals are returned.

Audio signal for 1 equipment Mixed audio signal for 2 equipment
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Figure 5: The framework of audio separation.
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4 RESULTS

4.1 Experiment Results

Through the proposed method, an audio dataset was constructed for four types of construction equipment,
namely excavator, compactor, dozer, and breaker. A total of 820 videos were downloaded for the four types
and a selection process was applied to these videos. After proceeding according to the method proposed in
this study, a total of 23,537 clips were selected as the audio dataset for equipment. Table 1 gives the details
in terms of the duration of the selected clips and the number of clips for each type of equipment.

Table 1: Details of equipment video and audio dataset.

. . Duration of Number of
No. Type of equipment Number of videos selected clips audio instances
1 Breaker 123 21:33 1,008
2 Compactor 119 56:13 1,217
3 Dozer 118 1:30:21 1,929
4 Excavator 460 3:44:10 5,464

4.2  Experiment Design to Test Dataset Validity

The experiment was conducted to examine the validity of the constructed dataset in training a model to
recognize equipment types. We trained diverse classifiers using the constructed dataset and evaluated their
performance against two types of the test datasets: (1) a dataset constructed from online sources (Test
Dataset 1), and (2) a dataset collected from real-world operations (Test Dataset 2). Test Dataset 1 was
randomly sampled from the dataset explained in the previous section (30% of the dataset from online
sources; 2,886 instances), and the remaining data (70%; 6,732 instances) of the dataset constructed from
online sources were used for training. Test Dataset 2 is sampled from Lee et al. (2020) and Sherafat el al.
(2020), and is composed of a total 800 instances for each type of equipment. The performance evaluated
on Test Dataset 2 is compared with the performance reported on Lee et al. (2020), which used a dataset
collected from real-world operations for both training and testing of classifiers. Six classifiers including
IBk (instance-bases learning with parameter k; kNN), KStar (K instant based learner), MLP(multilayer
perceptron), PART (decision list), RandomForest, and RandomSubSpace, which were the best classifiers
validated in Lee et al. (2020), were chosen and trained. The following set of features were extracted from
audio data and used in the model: mel-frequency cepstral coefficients (MFCC), chroma energy normalized,
spectral features, zero crossing rate, beat, and tempo. These features are representatively used in audio
analysis (Lu et al. 2002; Patsis et al. 2008). WEKA version 3.8 software was used in this experiment.

4.3  Experiment Results and Discussion

Table 2 presents the experiment results. Against Test Dataset 1, all the classifiers showed considerable
performance (accuracy: 81%-95%, F-1 score: 0.805-0.958), but against Test Dataset 2, great degradation
of the performance were reported for all the classifiers except IBk (kNN) and MLP (accuracy: 64%—93%,
F-1 score: 0.692-0.939). The reported performance against Test Dataset 2 in the top three classifiers (i.e.,
IBk, MLP, and KStar) are found to be comparable with the benchmark model (Lee et al. 2020), which used
a dataset collected from real-world operations for both training and testing of classifiers. This demonstrates
that the dataset constructed from online sources using the proposed framework is as effective as the dataset
constructed in a traditional way in training a model to recognize real-world equipment sound.

Figure 6 shows the confusion matrices of the IBk (kNN) for four types of equipment with Test Dataset
1(a) and Test Dataset 2(b), respectively. The results show that the excavator has higher accuracy than other
equipment and there are slightly unbalanced classes. However, this unbalanced data is not a critical concern
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because the achieved accuracy is sufficient enough to demonstrate the applicability. In addition, since Test
Dataset 2 does not have visual information, unlike Test Dataset 1 extracted from video, it is difficult to
determine what conditions affected the audio signal during the collection process and the audio might be
mixed with other audio sources. From this consideration, it is verified that the suggested approach had a
potential capability to identify audio signals at construction sites.

Table 2: Accuracy results of classifiers.
Accuracy (%) (F-1 Score)

No. Classifier Test Dataset 1 Test Dataset 2 B(?_lcehggiﬁi_(;aggil
1 IBK (KNN) 95.71 (0.958) 93.75 (0.939) 85.28 (0.855)
2 KStar 89.93 (0.900) 78.63 (0.791) 80.37 (0.804)
3 MLP 88.04 (0.880) 83.87 (0.848) 91.06 (0.932)
4 PART 80.50 (0.805) 67.75 (0.692) 83.66 (0.837)
5 RandomForest 87.12 (0.880) 75.63 (0.812) 93.16 (0.932)
6 RandomSubSpace 83.09 (0.844) 64.02 (0.722) 81.81 (0.818)

Confusion Matrix of the IBk (kNN) for Test Dataset 1 Confusion Matrix of the IBk (kNN) for Test Dataset 2
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Figure 6: Confusion matrix of the IBk (kNN) for Test Dataset 1(a); and Test Dataset 2(b).
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5 CONCLUSION

This study proposed a framework of constructing audio data at the action level of construction equipment
from online videos for a deeper understanding of audio-based activity recognition. By applying the
proposed audio separation approach, this study also introduced a method to deal with mixed audio signals
of multiple types of equipment. The audio dataset of equipment constructed by the proposed framework
was verified through audio classification and a case study was also conducted with audio data recorded at
an actual construction site. The analysis results of the audio classification indicated that the proposed
method had sufficient feasibility and potential to be applied to audio-based activity recognition and to
contribute to the research community. By applying the suggested framework to construct a large-scale audio
dataset from online sources, audio-based activity recognition could improve data-driven monitoring
equipment and be more comprehensively understood. For further study, the proposed audio separation

2362



Jeong, Ahn, and Park

model will be improved to analyze the audio signal at the action level, and it will be applied to more classes
of equipment to increase the applicability on construction sites.
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