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Abstract 9 

Recognizing excavator operators’ sitting activities is crucial for improving their health, safety, and productivity. 10 

Moreover, it provides essential information for comprehending operators’ behavior patterns and their interaction with 11 

construction equipment. However, limited research has been conducted on recognizing excavator operators’ sitting 12 

activities. This paper presents a method for recognizing excavator operators’ sitting activities by leveraging multi-13 

sensor data and employing machine learning and deep learning algorithms. A multi-sensor system integrating 14 

interface pressure sensor arrays and inertial measurement units was developed to capture excavator operators’ sitting 15 

activity information at a real construction site. Results suggest that the gated recurrent unit achieved outstanding 16 

performance, with 98.50% accuracy for static sitting postures and 94.25% accuracy for compound sitting actions. 17 

Moreover, several multi-sensor combination schemes were proposed to strike a balance between practicability and 18 

recognition accuracy. These findings demonstrate the feasibility and potential of the proposed approach for 19 

recognizing operators’ sitting activities on construction sites. 20 
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1. Introduction 23 

Construction equipment operation plays a vital role on construction sites, relying heavily on the expertise and 24 

efficiency of construction equipment operators. These operators bear the responsibility of operating a wide range of 25 

machinery, such as excavators, cranes, bulldozers, and forklifts, which are indispensable for ensuring the safe and 26 

effective completion of construction projects. Throughout the operation of construction equipment, the activities 27 

performed by operators dominate the operational process and affect various aspects of construction task performance 28 

[1]. These activities encompass a diverse range of body postures and compound movements carried out by the 29 
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operator while seated, playing a crucial role in their daily tasks [2-5]. Operators often spend prolonged durations 30 

operating construction equipment in harsh environments and are often subjected to conditions that pose significant 31 

construction risks [2-5]. Notably, operators’ sitting activities have been demonstrated to possess profound 32 

implications for construction performance, including operational safety [6,7], workers’ health [2,3,8,9], and 33 

production efficiency [10]. Moreover, human body activities serve as fundamental elements reflecting human 34 

behaviors during interactions with the environment [11]. With the growing presence of machinery operations with 35 

varying levels of automation at modern construction sites [12], continuous monitoring of operators’ sitting activities 36 

has become increasingly necessary. Such monitoring provides essential information for modeling and analyzing 37 

operators’ daily operational performance and behavioral patterns, thereby offering insights for understanding human-38 

machine interactions context at the construction sites. Therefore, given the strong relationship between sitting 39 

activities and construction equipment operation performance, it becomes evident that recognizing operators’ sitting 40 

activities is of substantial necessity and practical significance. 41 

Research on activity recognition of construction workers has received considerable attention. Existing methods for 42 

recognizing workers’ activities can be categorized into three main groups: kinematic-based, computer vision-based, 43 

and audio-based methods [13,14]. These methods capture relevant information from multiple modalities of workers’ 44 

activities and have been applied individually or in combination to address activity recognition challenges in several 45 

application scenarios [13-15], such as work-related musculoskeletal disorders (WMSDs) and operational safety risk 46 

assessment and productivity analysis. While extant studies on construction workers’ activity recognition mainly focus 47 

on manual operation tasks, specific research focusing on recognizing sitting activities of construction equipment 48 

operators remains limited. Construction equipment operation scenes, predominantly involving sitting activities, differ 49 

significantly from manual construction work settings. This presents challenges when attempting to apply existing 50 

activity recognition methods designed for manual tasks to the recognition of sitting activities performed by 51 

construction equipment operators. On the one hand, operators’ sitting activities primarily involve restricted body 52 

movements within a confined space. The movements of the operator’s arms and torso are minimal, making it 53 

challenging to identify changes in sitting posture solely through the image information obtained from cameras placed 54 

in the equipment cockpit [13,16]. On the other hand, the perception of sitting activities is influenced by factors such 55 
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as the cockpit’s optics, acoustic environment, and vibration, which introduce difficulties in sensor placement and data 56 

collection [17]. In particular, vibrations and self-motion of construction equipment produce irregular noise signals 57 

that can affect the performance of kinematic-based sensors, such as accelerometers, thus reducing recognition 58 

performance. Taking the above into account, there exists a distinct research gap that needs to be addressed to develop 59 

an effective method for recognizing the sitting activities of construction equipment operators at real construction sites. 60 

In broader occupational and daily life scenarios, various techniques for sitting activity recognition have been 61 

developed [18-22]. In addition to the aforementioned techniques, the interface pressure sensing technique has 62 

emerged as a promising approach and has been applied in various sectors, such as office environments [23-26], 63 

medical health [27], and car driving [28]. This technique enables accurate recognition of the pressure exerted on the 64 

interface between the human and the seat, providing necessary data that can inform ergonomic interventions and 65 

policy development [29]. Compared with kinematic-based and computer vision-based methods, interface pressure 66 

sensing technology is less invasive and can sensitively capture small pressure changes during sitting activities, which 67 

could be beneficial to obtain high recognition performance while achieving good practicability on construction sites 68 

[30]. These characteristics give this technology a natural advantage when applied to sitting activity recognition. 69 

Therefore, this paper adopts a low-cost and easy-to-install interface pressure sensing technology to collect excavator 70 

operators’ sitting activity-related data. However, implementing the interface pressure sensing technique alone may 71 

not be sufficient to effectively address sitting activity recognition in construction equipment operation contexts. The 72 

vibration and movement of construction equipment can cause changes in the interface pressure between operators 73 

and their seats. Consequently, the collected pressure data is insufficient to directly reflect changes in operators’ actual 74 

sitting postures and compound movements during dynamic operation scenarios. Given the complexity of operators’ 75 

sitting activity recognition, recent studies have utilized multiple homogeneous or heterogeneous sensors to obtain 76 

more information, combined with machine learning or deep learning algorithms to improve activity recognition 77 

performance [31-34]. Nevertheless, the sensors placement, indicators, and features proposed in previous studies may 78 

not be applicable to construction equipment operation scenarios. Thus, further exploration is necessary to identify 79 

suitable combinations of multiple sensors and corresponding features for recognizing operators’ sitting activities, 80 

while considering both practicability and recognition performance, which are crucial for construction practice [35-81 
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37]. 82 

To this end, this paper presents a multi-sensor fusion-based method for recognizing excavator operators’ sitting 83 

activities using machine learning and deep learning algorithms. To address the limitations of relying solely on 84 

interface pressure sensing technology in construction equipment operation scenarios, a multi-sensor system 85 

integrating two interface pressure sensor arrays and four inertial measurement units (IMUs) was developed. The 86 

IMUs were arranged on both the operator’s body and construction equipment to supplementarily collect the data on 87 

operators’ body movement and synchronized equipment vibration and motion. A sitting activity classification system 88 

including static sitting postures and compound sitting actions was constructed to capture the full range of operators’ 89 

sitting activities. Several indicators related to the operators’ sitting activities were established based on the existing 90 

studies. Commonly used supervised machine learning and deep learning algorithms for construction workers’ activity 91 

recognition were applied. To demonstrate the feasibility of the proposed method, a field experiment was conducted 92 

at a real excavator operation site to collect data reflecting the problem characteristics. Several multi-sensor 93 

combination schemes were developed considering various potential application scenarios in earthmoving tasks. By 94 

comparing the performance of these algorithms across different schemes, methods that exhibit practicability (e.g., 95 

cost, invasiveness, and ease of deployment) or high recognition performance were investigated. The results 96 

underscore the effectiveness of combined multi-sensor and machine/deep learning algorithms for recognizing 97 

operators’ sitting activities within the context of excavator operations. Additionally, the findings provide a preliminary 98 

demonstration of the feasibility and application value of the proposed approach in a broader range of construction 99 

equipment operation environments. 100 

2. Literature review 101 

2.1. Activity recognition of construction workers 102 

Monitoring construction workers’ activities is critical to ensuring their health [2,38], safety risks [1], and tracking 103 

the productivity of construction projects [13,14]. Since nearly 80% of fatal and non-fatal injuries are caused by unsafe 104 

behaviors on construction sites [39], and when workers repeatedly perform weight-bearing, kneeling, and twisting 105 

tasks attributed to awkward working postures [40], they are at risk of suffering long-term ergonomic injuries or 106 
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WMSDs [41]. Consequently, workers’ activity recognition can provide necessary data and information for health and 107 

safety management. Such recognition systems offer capabilities to detect target activities (e.g., awkward posture, 108 

inappropriate operations, etc.) and reduce associated health and safety risks [42-44]. Moreover, activity recognition 109 

is widely utilized for measuring the time spent on specific activities, assessing working efficiency, and analyzing 110 

workers’ activity levels to identify areas for productivity improvement [45]. Therefore, health assurance, safety risk 111 

assessment, and productivity analysis are considered primary research objectives in the field of activity recognition 112 

[46], rendering it an essential task at construction sites. 113 

Over the past decades, the recognition of worker activity has primarily relied on self-reported or observational 114 

methods [47,48]. While these traditional methods are simple and less expensive, they often prove labor-intensive, 115 

time-consuming, and less accurate [49]. With advancements in sensing technologies, researchers have increasingly 116 

shifted towards real-time monitoring of workers’ activity [50], incorporating various sensing technologies and 117 

classification algorithms using machine learning or deep learning [13,14]. As mentioned above, workers’ activity 118 

recognition methods can be divided into three main categories based on sensing technologies. Among them, 119 

kinematic-based methods typically employ wearable sensors such as IMUs, physiological sensors, and insole pressure 120 

sensors to collect time-series data to identify kinematic patterns associated with workers’ activities [51-54]. These 121 

methods offer low-cost and automated data acquisition, but are often intrusive to users and impact their working 122 

performance [14]. Computer vision-based approach utilizes 2D image/video cameras and 3D range cameras to 123 

capture visual data on workers’ activities for recognition [55]. These methods generally provide less intrusive data 124 

acquisition capabilities, but they tend to be limited by ambient visibility and raise privacy concerns [13,31]. Audio-125 

based methods rely on recording sound patterns of workers’ activities. However, this method faces challenges such 126 

as acoustic signal blockage by obstacles or interference from other sound signals [56]. 127 

The integration of these sensing technologies enables the acquisition of a substantial amount of objective activity-128 

related data. Accordingly, previous studies have adopted machine learning algorithms to process these extensive 129 

datasets and achieve automatic and real-time activity recognition. Various machine learning algorithms such as 130 

support vector machine (SVM), decision tree (DT), k-nearest neighbor (KNN), linear discriminant analysis (LDA), 131 

and hidden Markov model (HMM), have been applied and refined for activity recognition of different objects on 132 
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construction sites [13]. In recent years, the advancement of deep learning has given rise to the development of 133 

algorithms such as autoencoders, convolutional neural network (CNN), and recurrent neural network (RNN)-based 134 

algorithms (e.g., long-short term memory (LSTM), gated recurrent unit (GRU)) for activity recognition tasks [16,31], 135 

including construction workers’ activity classification problems [14,44]. These deep learning algorithms offer several 136 

important advantages that compensate for the limitations of conventional machine learning algorithms, including 137 

better performance on heterogeneous and large datasets, and automatic features learning through the training process 138 

[31,57], among others. 139 

Despite important research progress, current research on sitting activity recognition of excavator operators or other 140 

construction equipment operators remains limited. Compared to workers who mainly perform manual handling 141 

activities, the limited overall activity space within the operating cockpit often obscures small amplitude of operator’s 142 

body movement, presenting a significant obstacle for motion detection methods based on images or videos [13,16]. 143 

Many workers’ activity recognition methods (e.g., computer vision-based and audio-based methods) rely on the 144 

workers’ surrounding scenes [14], but the monotonous scene within the operating cockpit does not facilitate the 145 

effective segmentation of specific activities performed by the worker. Furthermore, the confined movement area of 146 

the operating cockpit results in minimal body movement during sitting activities, leading to a high degree of similarity 147 

in some sitting postures of construction equipment operators, such as sitting straight and leaning forward. This 148 

complexity presents challenges for accurately distinguishing between different activities using existing methods that 149 

rely on single sensing technology. To this end, advanced technologies suitable for sensing and identifying the sitting 150 

activities of excavator operators need to be further explored and developed. 151 

2.2. Sitting activity sensing and recognition techniques 152 

Sitting activities are closely related to people’s performance at work and daily life. Previous research has 153 

underscored the practical significance of monitoring sitting activities, highlighting various aspects, including health 154 

risk assessment, production efficiency monitoring, and safety risk assessment [7,23,58-60]. For example, adopting 155 

prolonged awkward sitting postures, such as sagging or forward head postures, can lead to discomfort and pain in the 156 

cervical and lumbar spine [58], posing potential WMSDs risks [61]. Identifying and correcting these awkward sitting 157 
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postures can help alleviate corresponding health risks. From a safety perspective, analyzing sitting activities can 158 

provide insights into unsafe behaviors, as observed in road driving scenarios [62], such as driver distraction [63]. 159 

Activity recognition can provide valuable information for detecting and addressing such unsafe behaviors. 160 

Consequently, sitting activity sensing and recognition techniques have garnered extensive attention in various 161 

scenarios, including vehicle driving [28,60,64,65], office work [23-26], daily life [25,66], and healthcare [21,27]. 162 

In the construction equipment operating environment, where whole-body vibration is prevalent, operators often 163 

engage in prolonged work periods, which can lead to the adoption of poor operating postures or inappropriate actions. 164 

These factors contribute to the aforementioned risk issues. Several studies have highlighted that different sitting 165 

activities impact the level of exposure to mechanical equipment vibration, which is considered a common contributor 166 

to sitting discomfort and WMSDs [2,8,9]. Besides, sitting activity has been found to be associated with an individual’s 167 

mental state. Prolonged awkward sitting posture (e.g., hunched back, forward sloping shoulders, curved spine, etc.) 168 

can induce mental fatigue and reduce cognitive performance [6,7,67-69]. Recognizing and correcting sitting activity 169 

can enhance intelligence and cognitive performance, alleviate anxiety and stress, and improve mental health. From 170 

an operational safety standpoint, prolonged operation and uncomfortable sitting postures have the potential to 171 

compromise attention and delay reaction times, directly impacting on-site operational productivity and impairing 172 

operational safety [1,6,70]. Consensus has been reached in studies indicating that continuous monitoring of worker 173 

activity can reduce accident rates and prevent injuries, falls, and WMSDs [71,72]. Additionally, with the construction 174 

industry undergoing industrialization and informatization changes, human-machine interaction on construction sites 175 

is becoming more prominent. The information provided by recognizing sitting activities plays a fundamental role in 176 

understanding various operating behaviors and machinery operation scenarios [11]. 177 

The existing methods for sensing and recognizing sitting activities align with the current state of research in general 178 

human activity recognition, including the recognition of construction worker activities. Commonly employed 179 

approaches in this domain include computer vision-based and kinematics-based methods [21,59,60,62,63,65,73]. 180 

However, most of these methods focus on distinguishing sitting activities from non-sitting activities, without 181 

accurately analyzing the specific types of activities performed while sitting. Recent studies have combined skeletal 182 

reconstruction [74], infrared array sensor [61], and radio frequency identification [75] to identify specific sitting 183 
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activities. Nevertheless, these approaches still face the challenges mentioned earlier. 184 

Among these methods, sitting activity recognition based on interface pressure sensing technology has received 185 

much attention [23-28,76,77]. Interface pressure refers to the pressure exerted by the compression system over the 186 

skin’s surface and is commonly used to assess a cushion’s ability to manage pressure on the buttocks [78]. Interface 187 

pressure sensing technology offers several advantages that make it well-suited for collecting sitting posture-related 188 

data in construction equipment operation scenarios. First, pressure sensors provide a highly sensitive and quantitative 189 

means of measuring activity when direct observation or a limited number of inertial sensors is not feasible [79]. 190 

Second, pressure sensing units are minimally invasive and easy to deploy, making them a viable option for 191 

recognizing construction equipment operators’ sitting activities. However, the complex characteristics of construction 192 

equipment operation scenarios present challenges when solely relying on this technology. As mentioned above, 193 

kinematic signal acquisition sensors are susceptible to the effects of vibration and irregular movements associated 194 

with construction equipment [80,81]. For instance, the collected interface pressure signal is inevitably superimposed 195 

with noise signals resulting from equipment activities. Considering the impact of these factors on activity recognition 196 

is crucial to enhance its performance. Furthermore, apart from recognizing static sitting postures, which have been 197 

the primary focus of existing research, it is crucial to consider the recognition of typical complex posture sequences 198 

during equipment operations. This necessitates further design and development in terms of indicator generation, 199 

recognition algorithm selection, and multi-sensor arrangement to effectively address this challenge. 200 

3. Methods 201 

3.1. Problem description and research framework 202 

The recognition of excavator operators’ sitting activities involves the collection and processing of posture-related 203 

data, which can be categorized into two aspects: static postures and dynamic compound actions [14]. Posture refers 204 

to the static configuration of the operator’s body at specific moments, while action describes the dynamics of the 205 

consecutive body movements over a period of time. This paper systematically analyzes the details of sitting activities 206 

from these two perspectives. Based on the characteristics of the excavator operation scenario, a classification of 207 

excavator operators’ sitting activities was constructed, as shown in Table 1. The classification includes seven static 208 
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sitting postures and nine compound sitting actions. Among them, sitting upright is a commonly observed posture and 209 

is considered an optimal position [82]. Leaning forward or backward can increase tension in the back or neck muscles, 210 

potentially leading to discomfort. Similarly, leaning left or right may cause muscle imbalances and contractures [83]. 211 

Crossing the left or right leg can result in sagittal imbalance, coronal imbalance, pelvic tilt, and spinal valgus angle 212 

[84]. The selection of sitting activities reflects the fundamental types of excavator operations. 213 

Table 1 Predefined excavator operators’ sitting activities. 214 

Static sitting postures Compound sitting actions 

Sitting Upright (SU) Move forward operation (MF) 

Leaning Forward (LF) Move left operation (ML) 

Leaning Backward (LB) Move right operation (MR) 

Leaning Left (LL) Swing operation 

Leaning Right (LR) Raising and lowering the boom (RL Boom) 

Cross Left Leg (CLL) Raising and lowering the arm (RL Arm) 

Cross Right Leg (CRL) Excavation operation 

 Dumping operation 

 Climbing operation 

Fig. 1 presents the research framework proposed in this paper, which comprises five main components. First, an 215 

experiment was conducted at an actual excavator operating site to capture relevant data on the sitting activities 216 

outlined in Table 1. Second, the types of sensors and placement methods for data collection were designed. This 217 

section describes the data preprocessing process, involving metric quantification and sliding window techniques. 218 

Third, feature extraction was performed on the collected multi-sensor data, which is required for training machine 219 

learning algorithms. Three traditional machine learning algorithms and two RNN-based deep learning algorithms 220 

were employed. The final step involves training and evaluating the performance of the models. The performance of 221 

the trained models was assessed under various multi-sensor combination schemes. Further details of each component 222 

are provided below. 223 
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Fig. 1. Research framework. 225 

3.2. Experimental setup 226 

The experiments were conducted at an unobstructed highway construction site in Wuhan, China, providing an ideal 227 

setting for machinery operation. To comprehensively consider the diverse range of sitting postures and actions 228 

adopted by different operators, six highly skilled excavator operators with over five years of experience were recruited. 229 

The experimental data collection spanned for three sunny days to ensure optimal visibility and minimize task 230 
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disruption. Each day consisted of two rounds of data collection, comprising a pre-experiment training session and a 231 

formal experiment. Prior to each formal session, participants underwent a 30-minute training session to familiarize 232 

themselves with the experimental procedure and ensure a standardized approach to data collection. Following the 233 

experimental protocol requirements, two cushions with embedded flexible pressure sensor arrays were placed on the 234 

operator’s seat, while four IMUs were positioned on their arms, torso, and equipment seat side wall, as illustrated in 235 

Fig. 2. It is noteworthy that conducting on-site data collection under completely uncontrolled conditions poses high 236 

safety risks. Furthermore, due to the short duration of certain sitting activities, there might be imbalances in the 237 

dataset, which could hinder the comprehensive capture of the temporal characteristics of diverse sitting activities. 238 

Therefore, to ensure the experiment safety and obtain sufficient data, the following experimental protocols were 239 

adopted. 240 

 241 
Fig. 2. Construction site and field experiment data collection. 242 

Experiment 1 (static sitting posture data collection): Participants were instructed to sit quietly in an excavator 243 

operating cabin and to perform each of the seven static sitting postures. Each posture was held for 90 seconds to 244 

ensure adequate data collection. 245 

Experiment 2 (compound sitting actions data collection): Participants were required to sequentially perform nine 246 

common excavator operations. Each operation was executed continuously without interruption for approximately 90 247 

seconds, culminating in a total experimental duration of approximately 810 seconds. This extended duration was 248 
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necessary to capture sufficient balanced datasets that accurately reflect the characteristics of the compound sitting 249 

actions. 250 

During the data collection, each event was recorded using a video camera, and the pressure data and IMU data 251 

were synchronized. Based on the recorded video and each set of postures and actions, the time series of pressure data 252 

and IMU data were labeled by event type as the base facts. 253 

3.3. Data collection and preprocessing 254 

3.3.1. Multi-sensor-based data collection 255 

Two types of sensors were utilized: the interface pressure sensor array and the nine-axis IMU, as shown in Fig. 3 256 

(a). The Legact RPPS-255 pressure sensor array [85] was employed, featuring 255 pressure sensing units and a 257 

minimum detectable pressure of 20g. This sensor exhibits a rapid response time (<10us) and supports the series 258 

connection of multiple sensors, making it highly adaptable for the data collection requirements. The IMU developed 259 

by WitMotion [86] integrates digital angle, gyroscope, accelerometer, and compass sensors, coupled with a high-260 

performance microprocessor. These features enable the IMU to effectively capture subtle variations in arms and torso 261 

amplitudes across different operators’ sitting activities. 262 

Two interface pressure sensor arrays were used to capture the temporal changes in pressure distribution between 263 

the operator and the seat. Each array consists of a pressure sensing module, a signal acquisition module, and a digital 264 

signal processing module. Fig. 3 (b) illustrates the workflow of the sensor arrays. The pressure sensor array comprises 265 

255 sensing units with a dense distribution of 15×17 units, all possessing identical specifications. Each sensing unit 266 

is placed at a 30×30 mm2 interval, with a diameter of 14 mm and a gap of 16 mm, ensuring accurate capture of 267 

pressure electrical signal. The sensor array was calibrated to collect pressure data from 255 units at a frequency of 50 268 

Hz. To ensure cushion comfort and minimize potential invasiveness on the operator’s body, modifications were made 269 

to the pressure sensor array by utilizing different materials, as depicted in Fig. 3 (e). The sensor arrays were mounted 270 

on the excavator’s seat cushion and backrest, as shown in Fig. 3 (d), with the blue region indicating the sensor 271 

locations. This modification aimed to strike a balance between comfort and avoiding damage caused by excessive 272 

sensor bending.  273 
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Furthermore, four nine-axis IMUs were employed to record the changes in posture angles of the operator’s arms, 274 

torso, and the excavator, as depicted in Fig. 3 (c). Specifically, three IMUs were placed on the operator’s torso and 275 

the left and right arms. Additionally, an IMU was installed on the side wall of the seat to record the excavator’s 276 

movements without intruding on the operator. The primary purpose of collecting IMU data is to supplementarily 277 

capture the operator’s sitting postures and movements across various operational tasks, as well as the simultaneous 278 

vibrations and movements of the excavator. The IMU outputs acceleration, angular velocity, angle, and magnetic 279 

field data along the three axes of the operator’s motion. The data was collected at a frequency of 50 Hz, and a Kalman 280 

filter was automatically applied to reduce measurement noise, enhance accuracy, and enable real-time motion 281 

recording [87]. 282 

 283 

Fig. 3. The proposed multi-sensor system and experimental placement. 284 

Preliminary analysis of the collected raw data from multiple sensors can reveal the complex signal characteristics 285 

of the construction equipment operating environment. Fig. 4 illustrates the fluctuation curves of the IMUs and 286 

pressure sensors over time. The Y-axis angle recorded by a single IMU and the average pressure of the region of 287 

interest (ROI) in the upper left corner of the seat cushion (the detailed ROIs are described in detail in Section 3.3.2) 288 

were selected as representative samples from the original datasets. Fig. 4 (a) clearly illustrates distinct data changes 289 
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at the transition between different activities. Moreover, Fig. 4 (a-d) indicate that the IMUs attached to the operator’s 290 

body exhibit the similar fluctuation trend to the IMU installed on the equipment. This suggests that equipment activity 291 

introduces certain interference with the quality of the operators’ sitting activity data. 292 

  293 

Fig. 4. Multi-sensor data of excavator operator’s sitting activities. 294 

3.3.2. Metrics quantification 295 

The pressure sensor array captures only the interface pressure value from each unit, which provides limited 296 

information. To enhance the accuracy of model training and obtain more meaningful features, the raw pressure data 297 

was utilized to calculate additional pressure metrics. This approach aims to derive physically meaningful features 298 

that exhibit a high correlation within the pressure domain. To achieve this, six main ROIs were defined in the two 299 

sensor arrays based on the delineation of body areas according to the discomfort scale for body parts and the interface 300 

regions between the human body and the seat [28,88], as illustrated in Fig. 5. The utilization of pre-defined ROIs to 301 

calculate corresponding interface pressure metrics has been employed in prior studies [26,28,89]. A coordinate system 302 

was established on each of the two sensor arrays, with the upper left sensing unit as the origin, to quantify the metrics. 303 

Each sensor unit was assigned an integer coordinate. In total, 40 quantitative metrics were obtained (Table 2), 304 

including: (1) 12 parameters indicating average contact areas and ratios [28]; (2) 12 parameters representing average 305 

contact pressures and ratios; (3) 12 parameters describing average peak contact pressures and ratios; (4) 4 parameters 306 

calculating the location of the center of gravity of the pressure cushion. On this basis, the above-mentioned metrics 307 

(a) From MF to ML to MR

(c) From RL Boom to RL Arm to Excavation

(b) From MR to Swing to RL Boom

(d) From Excavation to Dumping to Climbing

Activity Transition
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can be calculated as follows. 308 

 309 

Fig. 5. Segmentation of ROIs in pressure sensor array and the coordinate system. 310 

(1) Contact area: 311 

𝐶𝑜𝑛𝑡𝑎𝑐𝑡 𝑎𝑟𝑒𝑎𝑅𝑂𝐼 𝑖 = 𝑆𝑢𝑚(∑ 𝑝(𝑥, 𝑦, 𝑡) > 0)

𝑥,𝑦

    (1) 

where 𝑝(𝑥, 𝑦, 𝑡) represents the pressure value recorded by each sensor at each moment. 𝑅𝑂𝐼 𝑖 represents the 𝑖-th 312 

region of interest. As illustrated in Fig. 5, a total of 6 ROIs are identified. 313 

(2) Contact area ratio: 314 

𝐶𝑜𝑛𝑡𝑎𝑐𝑡 𝑎𝑟𝑒𝑎 𝑟𝑎𝑡𝑖𝑜𝑅𝑂𝐼 𝑖 =
𝐶𝑜𝑛𝑡𝑎𝑐𝑡 𝑎𝑟𝑒𝑎𝑅𝑂𝐼 𝑖

∑ 𝐶𝑜𝑛𝑡𝑎𝑐𝑡 𝑎𝑟𝑒𝑎𝑅𝑂𝐼 𝑖𝑖
 .    (2) 

(3) Average pressure: 315 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖(𝑡) =
∑ 𝑝′(𝑥, 𝑦, 𝑡)𝑥,𝑦

𝐶𝑜𝑛𝑡𝑎𝑐𝑡 𝑎𝑟𝑒𝑎𝑅𝑂𝐼 𝑖
    (3) 

where only pressure values greater than 0 were included in the statistics. 316 

(4) Average pressure ratio: 317 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒 𝑟𝑎𝑡𝑖𝑜𝑅𝑂𝐼 𝑖 =
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖

∑ 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖𝑖
 . (4) 

(5) Average peak pressure: 318 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑎𝑘 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖 = 𝑀𝑎𝑥(𝑝(𝑥, 𝑦, 𝑡)𝑅𝑂𝐼 𝑖) . (5) 

where this indicator records the maximum value recorded by the pressure sensor in each ROI per unit time. 319 

(6) Average peak pressure ratio: 320 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑎𝑘 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒 𝑟𝑎𝑡𝑖𝑜𝑅𝑂𝐼 𝑖 =
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑎𝑘 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖

∑ 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑎𝑘 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖𝑖
 .    (6) 

(7) Center of Pressure (COP): 321 

COP is a common metric in analyzing the postural sway and is often used to indirectly assess the level of discomfort 322 
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and fatigue in a sitting position [90]. In this paper, the COPs were calculated for both pressure arrays, which are 323 

quantified as: 324 

𝐶𝑂𝑃𝑥 =
∑ 𝑝(𝑥,𝑦,𝑡)∗𝑥𝑖

∑ 𝑝(𝑥,𝑦,𝑡)
 ; 𝐶𝑂𝑃𝑦=

∑ 𝑝(𝑥,𝑦,𝑡)∗𝑦𝑖

∑ 𝑝(𝑥,𝑦,𝑡)
    (7) 

where in the process of index calculation, the coordinates of each sensor are shown in Fig. 5 (with the sensor in the 325 

upper left corner as the origin).  326 

Table 2 Interface pressure metrics for excavator operators’ sitting activity recognition. 327 

Metric categories Metrics Description Reference 

Average contact area 𝐶𝑜𝑛𝑡𝑎𝑐𝑡 𝑎𝑟𝑒𝑎𝑅𝑂𝐼 𝑖 Contact area per subarea (in practice, expressed as 

the number of sensors with pressure values greater 

than 0 in a single subarea). 

[26,28,91] 

Average contact area ratio 𝐶𝑜𝑛𝑡𝑎𝑐𝑡 𝑎𝑟𝑒𝑎 𝑟𝑎𝑡𝑖𝑜𝑅𝑂𝐼 𝑖 Ratio of average contact pressure per sub-area to 

total contact area ( ∑ 𝐶𝑜𝑛𝑡𝑎𝑐𝑡 𝑎𝑟𝑒𝑎𝑅𝑂𝐼 𝑖𝑖  ). 

[28] 

Average pressure 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖 The average pressure of each ROI over an interval 

of 8 frames. 

[26,28,29,91] 

Average pressure ratio 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒 𝑟𝑎𝑡𝑖𝑜𝑅𝑂𝐼 𝑖 Ratio of average pressure per sub-area to total 

pressure (∑ 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖𝑖 ). 

[28] 

Average peak pressure 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑎𝑘 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖 The highest pressure appearing in each ROI during 

the time interval of 8 frames. 

[26,28,29,91] 

Average peak pressure ratio 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑎𝑘 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒 𝑟𝑎𝑡𝑖𝑜𝑅𝑂𝐼 𝑖 Ratio of the highest pressure in each ROI in 8 

frames to the sum of the highest pressure values in 

each region (∑ 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑎𝑘 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒𝑅𝑂𝐼 𝑖𝑖 ). 

[28] 

Center of pressure (COP) 𝐶𝑂𝑃𝑥; 𝐶𝑂𝑃𝑦 The location of the center of gravity of the pressure 

cushion. 

[76] 

3.3.3. Data preprocessing 328 

To address the small amount of missing data in the collected dataset, the linear interpolation method was employed 329 

to fill in the missing values within the time series. Additionally, a few instances of abnormal pressure values exceeding 330 

the maximum range of the pressure sensor were detected in the raw data, and these outliers were removed from the 331 

dataset. In the data segmentation process, real-time updates were implemented using sliding windows that encompass 332 

adjacent samples. As new data was added to these windows, the oldest samples were discarded. This approach ensures 333 

that the window perpetually refreshes its contents, thereby enhancing the model’s updating efficiency and adaptability 334 

[92]. Determining the optimal window size is critical to using the sliding window approach [93]. Previous studies 335 

have used a range of window sizes from 0.25 to 6.7s depending on the types of activities to be recognized [94]. In 336 

this paper, the data acquisition was conducted at a sampling frequency of 50 Hz, with each frame lasting 0.02s. In the 337 
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previous metrics quantification process, a time interval of 8 frames was used, resulting in the sliding window being 338 

divided multiple times by 0.16s each. The results confirm that employing a sliding window of 5.12s, which yields a 339 

total of 256 sets of data per window, leads to a highly accurate model. The overlap of consecutive windows was 340 

performed to prevent missing relevant data. Drawing on previous similar studies [44,95], an overlap of 50% in the 341 

length of adjacent data segments was employed. 342 

3.4. Feature extraction 343 

Machine learning efficacy hinges on quality input information. Feature extraction plays a pivotal role in isolating 344 

relevant information from raw data to construct models [96]. It compresses input data dimensionality, bolstering 345 

model performance by discarding extraneous noise and data [97]. This paper extracted features from time and 346 

frequency domains. For the pressure-related data, time domain features including mean, maximum, minimum, 347 

extreme deviation, variance, standard deviation, and kurtosis were used. The time-domain features were converted to 348 

the frequency domain using the self-contained fast Fourier transform (FFT) function [98,99]. Two frequency domain 349 

features, namely spectral energy and entropy, were extracted [99]. Spectral energy provides insights into the 350 

distribution of signal energy across different frequencies, while spectral entropy measures the irregularity of the signal 351 

by calculating the normalized information entropy of the discrete FFT component amplitudes [99]. Regarding the 352 

IMU-related data, acceleration, angular velocity, and angle data were obtained within a certain sliding window. The 353 

vector magnitude √𝑥2+𝑦2+𝑧2 was combined and extracted the features of mean, maximum, minimum, extreme 354 

deviation, variance, standard deviation, kurtosis, spectral energy, and entropy for the corresponding data of vector 355 

magnitude, x-axis, y-axis, and z-axis within the given window, respectively [100]. 356 

3.5. Algorithms for operators’ sitting activity recognition 357 

Machine learning algorithms have been widely used for human activity recognition [77,101]. Traditional 358 

approaches require pre-model training feature extraction from raw data, heavily depending on domain expertise [102]. 359 

These features, especially time and frequency-related, are essentially linear, contrasting with the nonlinearity in real-360 

world human behavior recognition, often resulting in inaccuracies [103]. Conversely, deep learning algorithms 361 
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automatically derive translational invariant and robust features from sensor data, diminishing the need for manual 362 

extraction and selection [31]. They incorporate both feature extraction and activity classification within the model 363 

construction process [97,104], making them increasingly prevalent in human activity recognition [105]. This paper 364 

employed both machine learning and deep learning algorithms for recognizing the sitting activities of excavator 365 

operators, with specific algorithms elaborated in subsequent sections. 366 

3.5.1. Machine learning algorithms 367 

The process of traditional machine learning is shown in Fig. 6. Previous studies [77,93,106] have employed various 368 

supervised machine learning algorithms for human activity recognition. In line with this, three widely used machine 369 

learning algorithms were selected in this paper: DT, KNN, and SVM. 370 

 371 

Fig. 6. Basic flow chart of statistical machine learning. 372 

(1) DT 373 

DT is a foundational classifier in supervised machine learning [107], employing tree structures for decision-making. 374 

In this paper, entropy is utilized to assess split quality, effectively mitigating the impact of dominant classes on overall 375 

purity. 376 

(2) KNN 377 

KNN stands out for its simplicity, directness, and adaptable implementation [108]. It diverges from typical 378 

classifiers by eschewing a learning phase, instead retaining the entire dataset for a direct classification approach. 379 

KNN assigns categories to new data points based on their proximity (distance) to known samples in the training set 380 

[109], with Euclidean distance as the metric in this paper. 381 

(3) SVM 382 

SVM is esteemed for its efficient learning with minimal parameters, resilience against model deviations, and 383 

computational prowess [110]. Its kernel function transforms the input from lower to higher-dimensional spaces, 384 
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enriching the feature representation [111]. This paper employs the Gaussian radial basis function as the kernel, 385 

selected for its proven superior learning rates in prior research [70,106]. 386 

3.5.2. Deep learning algorithms 387 

RNN is a type of neural network specifically designed for processing sequence data. An RNN contains input layers, 388 

hidden layers, and output layers. The activation functions control the output, and the layers are interconnected through 389 

weighted connections [112]. Fig. 7 (a) illustrates the standard structure diagram of an RNN. Each arrow in the diagram 390 

represents a transformation, indicating the connections with corresponding weighted values. The left side is the folded 391 

look, and the right side is the unfolded look. 𝑥 denotes the input, ℎ represents the hidden layer element, 𝑜 signifies 392 

the output, 𝐿 is the loss function, and 𝑦 is the label of the training set. The 𝑡 in the upper right corner of these 393 

elements represents the state of the 𝑡 moment, where it should be noted that the performance of the hidden unit ℎ 394 

at the 𝑡 moment is not only determined by the input at the 𝑡 moment, but also influenced by the moment before the 395 

𝑡 moment. The weights 𝑉, 𝑊, and 𝑈 are connected based on their respective types. In the following parts, two 396 

RNN-based deep learning algorithms are proposed for classifying different types of sitting activities. 397 

  (1) LSTM 398 

LSTM is a specialized type of recurrent neural network capable of analyzing time series. It effectively overcomes 399 

the long-term dependency issues commonly encountered in general RNNs, ensuring that valuable information from 400 

the past is retained. Furthermore, LSTM addresses the issue of gradient disappearance or explosion in RNNs [113]. 401 

  The core of LSTM is the cell state, represented by horizontal lines running through the cell. It is represented in Fig. 402 

7 (b) by 𝐶𝑡−1 to 𝐶𝑡. The LSTM network modifies or adds information about the state of cells through a gate structure, 403 

namely the forget gate (𝑓𝑡), the input gate (𝑖𝑡), and the output gate (𝑜𝑡) [113]. The forget gate (𝑓𝑡) determines which 404 

information in 𝐶𝑡−1 needs to be retained or discarded by considering ℎ𝑡−1 and𝑥𝑡. The input gate (𝑖𝑡) decides which 405 

new information should be incorporated into the cell structure. The output obtained from the forget gate and the input 406 

gate generates a new cell 𝐶𝑡. The output gate (𝑜𝑡) specifies which information in the cell state is to be used as the 407 

final output of the LSTM. The gate structure, cell state (𝐶𝑡) and hidden state (ℎ𝑡) of the cell are calculated as follows 408 

[114]: 409 

𝑓𝑡 = 𝜎(𝑊𝑓 . [ ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)𝑓𝑡 (8) 
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𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [ ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 𝑖𝑡 (9) 

Ĉ𝑡 = tanh (𝑊𝑐 . [ ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (10) 

𝐶𝑡 = 𝑓𝑡 ∙ 𝐶𝑡−1 + 𝑖𝑡 ∙ Ĉ𝑡 (11) 

𝑜𝑡 = 𝜎(𝑊𝑜 . [ ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)𝑜𝑡 (12) 

ℎ𝑡 = 𝑜𝑡 ∙ 𝑡𝑎𝑛ℎ(𝐶𝑡) ℎ𝑡 (13) 

where 𝜎 is an activation function, and the softmax function is generally used. 𝑊𝑓, 𝑊𝑖 and 𝑊𝑜 are the weights for 410 

the forget, input, and output gates at time step 𝑡 , respectively. 𝑊𝑐  is the weight for the candidate layer. 𝑥𝑡 411 

represents the input at the current time step 𝑡. ℎ𝑡 and ℎ𝑡−1 are the respective outputs of the cell at the current time 412 

step 𝑡 and previous time step 𝑡 − 1. 𝐶𝑡 and 𝐶𝑡−1 are the cell states at time steps 𝑡 and 𝑡 − 1, respectively. 413 

(2) GRU 414 

GRU is an enhanced variant of the standard RNN that achieves comparable performance with fewer parameters 415 

and a more straightforward structure than LSTM, making it easier to train and greatly improving training efficiency 416 

[114,115]. Similar to LSTM, GRU is designed to reset or update its memory adaptively [44]. The main distinction 417 

from LSTM is that GRU employs only two gates, called reset gate (𝑟𝑡) and update gate (𝑧𝑡). The former corresponds 418 

to the input gate and forget gate of LSTM, and the latter is used to hide the state.  419 

The GRU cell architecture is shown in Fig. 7 (c). First, the state of the two gates was obtained from the last 420 

transmitted state ℎ𝑡−1 and the input 𝑥𝑡 of the current node, where 𝑟𝑡 controls the reset gate and 𝑧𝑡 controls the 421 

update gate. After getting the gating signal, reset gating was used to get the reset data ℎ𝑡−1′, ℎ𝑡−1′ is then spliced 422 

with input 𝑥𝑡, and the data is scaled between -1 and 1 by the tanh activation function to obtain ĥ𝑡. Finally, the 423 

network computes the hidden state ℎ𝑡, which is a vector that carries information for the current unit and passes it to 424 

the network [44]. The calculation process is shown in the following equations. 425 

𝑧𝑡 = 𝜎(𝑊𝑧 . [ ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑧)𝑧𝑡 (14) 

𝑟𝑡 = 𝜎(𝑊𝑟 . [ ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑟)𝑟𝑡 (15) 

ĥ 𝑡 =  𝑡𝑎𝑛ℎ(𝑊 ∙ [𝑟𝑡  ×  ℎ𝑡−1, 𝑥𝑡] + 𝑏ℎ  ) (16) 

ℎ𝑡  = (1 − 𝑧𝑡) ×  ℎ𝑡−1  + 𝑧𝑡  × ĥ𝑡. (17) 

Here, 𝜎 denotes the sigmoid function that converts the data to a value in the range of 0 to 1 to act as a gating 426 
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signal. 𝑧𝑡 and 𝑟𝑡 are the output of the update and reset gates. 𝑊𝑧 and 𝑊𝑟 are the weights for the update and reset 427 

gates. 𝑏𝑧 and 𝑏𝑟 are the biases for the update and reset gates. ℎ𝑡 and ℎ𝑡−1 are the respective outputs of the cell 428 

at the current time step 𝑡 and previous time step 𝑡 − 1. 𝑥𝑡 is the input at the current time step 𝑡. 429 

 430 

Fig. 7. Architectures of recurrent neural networks: Standard RNN, LSTM, and GRU. 431 

3.6. Model training and performance evaluation 432 

In the model training phase, LSTM and GRU were trained with pre-processed, non-feature-extracted multi-sensor 433 

data, contrasting with supervised machine learning algorithms (i.e., DT, KNN, and SVM) that utilized feature-434 

extracted datasets. The paper employed the leave-one-subject-out (LOSO) cross-validation approach, designating a 435 

single subject’s dataset as the test set while amalgamating data from all other subjects for training. This approach 436 

maximizes data utilization from each participant and significantly mitigates subject bias due to individual variability, 437 

a practice prevalently endorsed in worker activity recognition research [70,98]. The deep learning models were 438 

constructed using a sequential framework, each initiated with three homogeneous recurrent layers of corresponding 439 

types (LSTM and GRU), equipped with 512 hidden units per layer. Previous research indicated that similar 440 

architectures can achieve the highest classification accuracy [116]. To mitigate potential overfitting issues, a dropout 441 
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layer with a rate set to 0.2 was integrated into the model, which is a commonly used method for random regularization 442 

[117]. The output layer of the model is a dense layer, with the number of neural units corresponding to the number of 443 

categories in the classification task. Mean squared error was utilized as the cost function to measure model accuracy 444 

[44]. The initial learning rate was set at 0.001 and the ReduceLROnPlateau callback function was employed during 445 

training to dynamically adjust the learning rate, thereby optimizing model performance. Other hyperparameters were 446 

tuned to ascertain the optimal values that provide the highest accuracy while minimizing training time. The results 447 

indicated that optimal accuracy was achieved with epochs, batch size, and optimizer values set to 50, 32, and 448 

RMSProp, respectively. Experiments were conducted using Python 3.6 on an Intel Xeon Processor (Skylake, IBRS), 449 

with 32GB RAM, a 64-bit Windows 10 operating system, and a V100-32G GPU. 450 

The performance of machine learning and deep learning algorithms was evaluated using accuracy, precision, recall, 451 

and F1-score (Eq. 18-21). Accuracy provides an overall assessment of the model’s performance across all classes. 452 

Precision measures the ability of the model to avoid incorrectly labeling negative instances as positive. Recall focuses 453 

on the model’s capability to correctly identify all positive instances. F1-score provides a balanced measure of the 454 

model’s performance by considering both precision and recall. Additionally, individual class performance is analyzed 455 

through confusion matrices, while receiver operating characteristic (ROC) curves for each category provide a 456 

quantitative assessment of classifier quality through the calculation of the area under the curve. 457 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁
 (18) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 +   𝐹𝑃 
      (19) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 +   𝐹𝑁 
    (20) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙
. (21) 

Where true positive (TP) represents the number of positive instances correctly classified as positive, true negative 458 

(TN) represents the number of negative instances correctly classified as negative, false positive (FP) represents the 459 

number of negative instances incorrectly classified as positive, and false negative (FN) represents the number of 460 

positive instances incorrectly classified as negative. 461 
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4. Results 462 

4.1. Effectiveness of the proposed recognition algorithms under multi-sensor data 463 

In the context of operators’ sitting activities, the combination of multiple sensors is categorized into six groups, as 464 

illustrated in Table 3. The excavator’s low-amplitude uniform vibrations during the collection of static sitting posture 465 

data have limited impact on the pressure sensor. As a result, the algorithm performance for the 1st and 6th multi-466 

sensor combination schemes in static sitting posture recognition is comparable. Therefore, the 6th combination 467 

scheme is not considered for static sitting posture recognition. Consequently, a dataset comprising 73,500 instances 468 

of static sitting postures and 94,500 instances of compound sitting actions was collected for this paper. The analysis 469 

primarily aimed to compare the performance of the multi-sensor combinations using different algorithms.  470 

Table 3 Multi-sensor combination schemes. 471 

# Combination schemes 

1 Only use pressure sensors 

2 Only use IMUs 

3 Fusion of pressure sensors and all IMUs 

4 Fusion of pressure sensors and the IMU at the torso 

5 Fusion of pressure sensors and the IMUs at the arms 

6 Fusion of pressure sensors and the IMU at excavator seat side wall  

(1) Static sitting posture recognition 472 

The results reveal that the overall accuracy of static sitting posture recognition among different multi-sensor 473 

combinations ranges from 76.14% to 98.50%. This can be attributed to the relatively stable nature of static sitting 474 

postures over time, allowing for the acquisition of a relatively stable and clean dataset under ideal conditions. 475 

Traditional machine learning algorithms often achieve high classification accuracy by extracting features in the time 476 

domain. Among all the algorithms, SVM (95.69% accuracy), LSTM (97.90% accuracy), and GRU (98.50% accuracy) 477 

exhibit high classification accuracy when using the multi-sensor combination scheme where all sensors are utilized 478 

(scheme #3). In this paper, the performance of SVM, LSTM, and GRU under scheme #3 is further evaluated through 479 

the use of confusion matrices and ROC curves. 480 

Table 4 Recognition performance of static sitting postures under five algorithms with different multi-sensor combinations. 481 

Algorithm Scheme 
Classification performance (%) 

Accuracy Precision Recall F1-Score 

DT 1 0.8743  0.8751  0.8743  0.8744  

 2 0.9307  0.9310  0.9308  0.9307  
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 3 0.9434  0.9435  0.9435  0.9434  

 4 0.9426  0.9427  0.9427  0.9425  

 5 0.9428  0.9430  0.9428  0.9428  

SVM 1 0.7614  0.7722  0.7603 0.7591  

 2 0.9226 0.9235  0.9230  0.9227  

 3 0.9569  0.9571  0.9571  0.9569  

 4 0.9485 0.9478 0.9477  0.9472  

 5 0.9550  0.9551  0.9550  0.9548 

KNN 1 0.7778  0.7802  0.7780  0.7781  

 2 0.9265  0.9264  0.9271  0.9263  

 3 0.9480 0.9483  0.9481  0.9480  

 4 0.9411  0.9417  0.9410  0.9410  

 5 0.9458  0.9455  0.9449  0.9450  

LSTM 1 0.9339  0.9334  0.9336  0.9333  

 2 0.9265  0.9269  0.9263  0.9263 

 3 0.9790  0.9886  0.9788 0.9786   

 4 0.9554  0.9550  0.9554  0.9550  

 5 0.9502  0.9593  0.9507  0.9596  

GRU 1 0.9446 0.9447 0.9444 0.9444 

 2 0.9350 0.9353 0.9348 0.9348 

 3 0.9850 0.9849 0.9849 0.9848 

 4 0.9788 0.9787 0.9789 0.9787 

 5 0.9800 0.9802 0.9800 0.9800 

The confusion matrix (Fig. 8 (a)) reveals the high classification accuracy of distinct static sitting postures by three 482 

algorithms. Misclassification between LR and CLL is noted, likely influenced by asymmetric pressure distribution. 483 

The SVM algorithm excels, with accuracies predominantly above 90%, though it confounds LF and LB, possibly 484 

owing to data collection adjacency and the operator’s incomplete leaning. Conversely, GRU and LSTM surpass 90% 485 

accuracy across all posture types, benefiting from deep learning’s intrinsic automatic feature extraction, which 486 

outperforms manual methods. 487 

The ROC curve, depicted in Fig. 8 (a), demonstrates the interplay between true positive rate (TPR) and false 488 

positive rate (FPR) across thresholds. The area under the ROC curve (AUC) serves as a robust classifier comparison 489 

metric, unaffected by case proportion. Most AUC values exceed 0.98, underscoring classifier efficacy. Notably, deep 490 

learning algorithms exhibit superior AUC values compared to SVM, affirming their enhanced performance in static 491 

sitting posture classification. 492 

In Fig. 9 (a), the GRU model’s accuracy and loss curves under scheme #3 are depicted. As training epochs increase, 493 

there is a notable enhancement in accuracy across training and validation sets, while loss consistently diminishes. 494 

The convergence of these indicators at the 45th epoch demonstrates that the GRU model has been effectively trained, 495 
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achieving this without overfitting the static sitting posture data.  496 

 497 
Fig. 8. Confusion matrix and ROC curve. 498 

SVM LSTM GRU

SVM LSTM GRU

(a) Confusion matrix and ROC curve for static sitting postures (scheme #3)

(b) Confusion matrix and ROC curve for compound sitting actions (scheme #3)
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 499 
Fig. 9. Iterative accuracy and loss curve of GRU model under scheme #3. 500 

(2) Compound sitting action recognition 501 

Regarding the recognition of compound sitting actions, the results differ. Table 5 demonstrates that GRU (94.25% 502 

accuracy) consistently outperforms other algorithms in terms of classification accuracy for compound sitting actions 503 

in different combination schemes. This is because compound sitting actions are considered a fusion of various arm 504 

postures and static sitting postures. GRU models are distinguished by their unique model characteristics and exhibit 505 

significant advantages in handling time series data. Among traditional machine learning algorithms, SVM (93.86% 506 

accuracy) performs relatively better. In the following sections, the performance of SVM, LSTM, and GRU was further 507 

evaluated using confusion matrices and ROC curves, utilizing a scheme where all sensors are employed. 508 

Table 5 Recognition performance of compound sitting actions under five algorithms with different multi-sensor combinations. 509 

Algorithm Scheme 
Classification performance (%) 

Accuracy Precision Recall F1-Score 

DT 1 0.7952  0.7949  0.7980  0.7953  

 2 0.7575  0.7649  0.7573  0.7577  

 3 0.9028  0.9024  0.9024  0.9018  

 4 0.8836  0.8841  0.8847  0.8836  

 5 0.8869  0.8875  0.8875  0.8868  

 6 0.8611  0.8607  0.8607  0.8601  

SVM 1 0.8048 0.8125 0.8062 0.8028 

(a) Iterative accuracy and loss curve of GRU model in static sitting postures

(b) Iterative accuracy and loss curve of GRU model in compound sitting actions
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 2 0.7766   0.7743 0.7788 0.7724 

 3 0.9386  0.9373  0.9373  0.9371  

 4 0.9262  0.9243  0.9238  0.9239  

 5 0.9346  0.9340  0.9342  0.9340  

 6 0.8987  0.8974  0.8974  0.8972  

KNN 1 0.7140  0.7147  0.7210  0.7155  

 2 0.7249  0.7319  0.7253  0.7243  

 3 0.8923  0.8905  0.8931  0.8912  

 4 0.8645  0.8652  0.8649  0.8627  

 5 0.8775  0.8811  0.8781  0.8780  

 6 0.8486  0.8468  0.8494  0.8475  

LSTM 1 0.8152  0.8152  0.8195  0.8125  

 2 0.8219  0.8219  0.8375  0.8161  

 3 0.9384  0.9384  0.9385  0.9380  

 4 0.9346  0.9346  0.9349  0.9345  

 5 0.9362  0.9362  0.9375  0.9356  

 6 0.8962  0.8962  0.8963  0.8958  

GRU 1 0.8130  0.8130  0.8415  0.8080  

 2 0.8519  0.8518  0.8528  0.8504  

 3 0.9425  0.9420  0.9427  0.9420  

 4 0.9392  0.9392  0.9397  0.9385  

 5 0.9398  0.9398  0.9413  0.9395  

 6 0.9035  0.9030  0.9037  0.9030  

The confusion matrix in Fig. 8 (b) indicates high accuracy for nine compound sitting actions across all algorithms.  510 

LSTM and GRU stand out, achieving above 95% accuracy for most actions, except MR. Conversely, SVM, while 511 

effective for certain actions, exhibits limited accuracy in swing operations, MR, and RL Boom. This limitation stems 512 

from the extended duration of most sitting actions, involving overlapping static postures. Traditional machine 513 

learning with fixed sliding windows excels in consistent activity recognition but struggles with compound action 514 

transitions. Deep learning algorithms like LSTM and GRU, are useful for capturing long-term time series 515 

dependencies and significantly enhance compound sitting actions classification. 516 

Subsequent analysis highlights lower prediction accuracies for swing operations (accuracy: SVM: 87%, LSTM: 517 

82%, GRU: 83%) across all algorithms. This is likely due to the excavator’s significant movement range during these 518 

operations, causing marked fluctuations in pressure sensors and IMUs signals, which complicates classification. The 519 

results also found that the predictive accuracy of LSTM and GRU for MR is limited, with some MRs being incorrectly 520 

classified as swing operations. This may be attributed to the fact that, during the execution of MR, there is a prolonged 521 

period where the motion resembles that of a swing operation, characterized by a tendency to rotate the fuselage to 522 

the right. Consequently, the operator’s actions in both scenarios exhibit certain similarities.  523 
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As illustrated in Fig. 8 (b), based on the ROC curves of the three algorithms for various classifications, the majority 524 

of AUC values exceeded 0.95, indicating the effectiveness of the classifiers. For swing operations, MR, RL Boom, 525 

SVM classifier achieved the smallest AUC value of 0.97, suggesting slightly lower prediction accuracy for these 526 

three categories. This observation aligns with the analysis conducted on the confusion matrix. 527 

Fig. 9 (b) displays the performance of the GRU under scheme #3 in terms of accuracy and loss curves. Similar to 528 

the performance of the model in a static sitting posture, the GRU achieves convergence in both accuracy and loss. 529 

This indicates that the GRU model has undergone effective training and has successfully avoided overfitting.  530 

In this paper, a balanced dataset was used to accurately capture the characteristics of excavator operators’ sitting 531 

activities. However, to further demonstrate the reliability and generalization of the developed models in recognizing 532 

sitting activities, imbalanced datasets that are closer to real excavator operations than controlled field experimental 533 

datasets are required. To this end, an imbalance processing was introduced to the original test set. The previously 534 

trained model was tested using these imbalanced data and compared with the recognition performance on the original 535 

test set. This model evaluation approach has been widely used in the construction industry [118]. To align the activity 536 

duration and sequence more closely with real excavation scenarios, insights from earthwork field surveys were 537 

combined with relevant existing studies [119-121]. An imbalanced dataset was constructed through data 538 

augmentation, with the following activity sequence: MF (30s), ML (10s), Climbing (10s), RL Boom (6.25s), RL Arm 539 

(6.25s), Excavation (30s), Swing (3s), Dumping (5s), MR (10s). The original dataset was cropped to extract the time 540 

series of each activity based on the predefined duration. Linear interpolation was applied between continuous 541 

compound sitting actions to ensure a smoother dataset, followed by downsampling to maintain a consistent sampling 542 

frequency in the generated imbalanced dataset. Techniques of jittering and rotation were adopted to emulate the 543 

random noise generated during excavator operation and the potential orientation shifts in IMUs caused by vibrations 544 

and movements. The jittering was applied to the pressure sensors dataset, while both jittering and rotation were 545 

implemented on the IMUs dataset. The noise was modeled using common Gaussian white noise, and the rotation 546 

angle was set at 5 degrees [122]. Based on the preceding results, the SVM, LSTM, and GRU algorithms demonstrated 547 

relatively optimal accuracy in recognizing compound sitting actions. Consequently, the activity recognition 548 

performance evaluation of these three algorithms was further conducted. Specific performance metrics are shown in 549 
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Fig. 10. 550 

 551 

Fig. 10. Comparison of model performance metrics under original and imbalanced dataset. 552 

The performance metrics presented in Fig. 10 reveal variations across different models when applied to the 553 

imbalanced dataset. Particularly, relying solely on pressure sensors resulted in a decline in performance, ranging from 554 

12.23% to 21.80% compared to the original dataset. This outcome underscores the limitations of activity recognition 555 

reliant on a single type of sensor, especially when processing imbalanced datasets that resemble real-world 556 

constructions. As such, pressure sensors are more susceptible to interference from noise and other factors. However, 557 

when employing a multi-sensor combination strategy, the decline in performance metrics is significantly mitigated 558 

(ranging from 0.03% to 9.68%). Notably, scheme #6 demonstrates equally superior efficacy in managing imbalanced 559 

datasets (ranging from 0.02% to 9.53%). These findings substantiate the advantage of the multi-sensor combination 560 

approach for operators’ sitting activity recognition, demonstrating its robust adaptability in the complex operational 561 

environments of construction sites. Regarding individual algorithms, GRU consistently outperforms others in both 562 

datasets, further confirming the superior generalization performance of deep learning algorithms. 563 

4.2. Comparison of multi-sensor combination schemes 564 

In real construction sites, the complex operating environments and application requirements for sensors (e.g., cost, 565 

(c) Recall (d) F1-Score

(a) Accuracy (b) Precision
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invasiveness) may necessitate different configurations of multi-sensor setups. Thus, this paper conducts a detailed 566 

comparison of recognition performance using the multi-sensor combination scheme proposed earlier. Table 6 presents 567 

the performance metrics for the recognition of excavator operator’s sitting postures under various multi-sensor 568 

combinations. These metrics represent the average values of all algorithm performance indicators for each 569 

combination scheme. 570 

Table 6 Average recognition performance for static sitting postures across each multi-sensor combination scheme. 571 

# Combination schemes 
Performance metrics 

Accuracy Precision Recall F1-Score 

1 Only use pressure sensors 0.8584  0.8611  0.8581  0.8579  

2 Only use IMUs 0.9283  0.9286  0.9284  0.9282  

3 Fusion of pressure sensors and all IMUs 0.9625  0.9645  0.9625  0.9623  

4 Fusion of pressure sensors and the IMU at the torso 0.9533  0.9532  0.9531  0.9529  

5 Fusion of pressure sensors and the IMUs at the arms 0.9548  0.9566  0.9547  0.9564  

As depicted in Table 6, higher recognition performance for static sitting postures can be achieved with fewer sensor 572 

combinations, such as “only using pressure sensors” or “only using IMUs.” The accuracy improves to some extent 573 

by fusing pressure sensors and IMUs. Interestingly, the placement of IMUs (e.g., at the torso or arms) seems to have 574 

an impact on recognition performance. This outcome can be attributed to the noticeable changes in the body torso 575 

during different static sitting postures and the significant differences in data between IMUs placed at the torso and 576 

the arms. SVM and GRU algorithms demonstrate strong performance in the classification of static sitting postures. 577 

Therefore, the subsequent analysis will utilize SVM and GRU algorithms to further examine the confusion matrix 578 

under different multi-sensor combination schemes. 579 

 Fig. 11 (a) shows SVM’s recognition accuracy for LR is only 54% when relying solely on pressure sensors. This 580 

is attributed to the similar pressure distribution in LR and CLL postures and potential data quality reduction due to 581 

the operator’s movement during LR data gathering. Conversely, IMUs do not encounter this issue, as they distinctly 582 

capture the varying torso orientations of LR and CLL. Moreover, Fig. 11 (a) and (b) indicate poor classification 583 

accuracy for LB by both algorithms. This discrepancy arises due to the confined space in the operation room, resulting 584 

in minimal forward or backward leaning amplitudes of the operator's torso. Further examination of Fig. 11 (c) and 585 

(d) shows clear misclassifications of SU and CLL by both algorithms when solely utilizing IMUs. These errors likely 586 

arise from the postures’ relatively vertical torso and minimal movement amplitudes, complicating accurate 587 

differentiation. 588 
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As depicted in Fig. 11 (e) and (f), when fusing all IMUs and pressure sensors, both algorithms demonstrate 589 

excellent accuracy for various static sitting postures, with SVM achieving 95.69% and GRU achieving 98.50%. 590 

Notably, when fusing pressure sensors with the IMU at the torso, SVM exhibits exceptional differentiation for static 591 

sitting postures. However, the distinction for LR is relatively lower (88% accuracy), possibly due to the limited space 592 

in the operational area, which constrains the extent of the operator’s overall leaning movements, leading to reduced 593 

sensitivity in the torso’s IMU data, consequently making it challenging to distinguish from other static sitting postures. 594 

Furthermore, fusing pressure sensors with arm IMUs led to SVM and GRU algorithms nearly replicating the 595 

performance levels attained with full IMU utilization. 596 

 597 

Fig. 11. Confusion matrix of static sitting posture under SVM and GRU. 598 

Table 7 presents the average performance metrics for the recognition of compound sitting actions under different 599 

sensor combination schemes. It is evident that both the “only use pressure sensors” and “only use IMUs” schemes 600 

achieve a certain level of accuracy in classifying compound sitting actions, while the fusion of multiple sensors 601 

significantly enhances recognition performance. The accuracy of fusing pressure sensors with IMUs at the arms was 602 

(c) SVM: Scheme #2

(a) SVM: Scheme #1

(i) SVM: Scheme #5

(g) SVM: Scheme #4

(j) GRU: Scheme #5

(h) GRU: Scheme #4

(d) GRU: Scheme #2

(b) GRU: Scheme #1

(e) SVM: Scheme #3 (f) GRU: Scheme #3
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slightly higher compared to fusing pressure sensors with IMUs at the torso. This finding can be attributed to the 603 

distinct range of changes in the IMUs at the arms and the accurate classification of various compound sitting actions. 604 

Furthermore, the fusion of pressure sensors with IMUs on the excavator seat side wall also demonstrates significantly 605 

improved classification accuracy compared to using a single sensor, although its accuracy remains lower than that of 606 

the fusion of all sensors. 607 

Table 7 Average recognition performance for compound sitting actions across each multi-sensor combination scheme. 608 

# Combination schemes 
Performance metrics 

Accuracy Precision Recall F1-Score 

1 Only use pressure sensors 0.7866  0.7890 0.7903  0.7842  

2 Only use IMUs 0.7884  0.7901  0.7972  0.7868  

3 Fusion of pressure sensors and all IMUs 0.9229  0.9221  0.9228  0.9220  

4 Fusion of pressure sensors and the IMU at the torso 0.9096  0.9095  0.9096  0.9086  

5 Fusion of pressure sensors and the IMUs at the arms 0.9150  0.9157  0.9157  0.9148  

6 Fusion of pressure sensors and the IMU at excavator seat side wall  0.8816  0.8808  0.8815  0.8807  

Analysis of Fig. 12 (a) and (b) reveals that when only pressure sensors are used, GRU (71% accuracy) exhibits the 609 

lowest accuracy in recognizing excavation operations. This misclassification can be attributed to the operator’s 610 

limited movement of the upper and lower arms during excavation operations, resulting in minimal changes in both 611 

the excavator and human torso. Consequently, the pressure sensor data does not exhibit significant variations. 612 

Moreover, the subtle changes in pressure data during complex compound sitting actions like excavation, dumping, 613 

and climbing lead to generally low classification accuracies across algorithms. Particularly, SVM’s performance in 614 

classifying ML, MR, and swing operation is diminished, attributed to its reduced efficacy in transitional data 615 

recognition. The fuselage’s left-right oscillation during swing operations also mimics the pressure patterns of ML 616 

and MR, complicating accurate identification. 617 

However, as depicted in Fig. 12 (c) and (d), when only IMUs were used, the previously low classification accuracy, 618 

primarily caused by the complexity and specificity of arm movements, significantly improved. Nevertheless, the 619 

SVM algorithm demonstrates the lowest accuracy (74% accuracy) for the climbing operation, with 24% of the data 620 

being incorrectly classified as RL Boom. This misclassification arises due to the operator’s reliance on using the 621 

Boom to stabilize the fuselage for uphill tasks during climbing operations. Consequently, both of these compound 622 

sitting actions involve extensive use of the Boom control lever.  623 

Fig. 12 (e) and (f) illustrate that the fusion of pressure sensors and IMUs significantly improves the algorithm’s 624 
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performance in recognizing compound sitting actions. By comparing Fig. 12 (g-j), no significant difference in 625 

recognition accuracy was observed between fusing pressure sensors with IMUs at the arms and using all IMUs. 626 

However, the recognition accuracy of fusing pressure sensors with IMUs at the torso slightly decreases. This decline 627 

can be attributed to the IMU at the torso being adhered to the operator’s body, resulting in less overall movement 628 

compared to the arms. 629 

 630 

Fig. 12. Confusion matrix of compound sitting actions under SVM and GRU. 631 

5. Discussion 632 

5.1. Feasibility of the proposed methods 633 

The proposed method was applied in excavator operation scenarios, demonstrating its feasibility for recognizing 634 

operators’ sitting activities. The results indicated that the selected algorithms achieved satisfactory performance in 635 

recognizing sitting activities across various multi-sensor combinations. For static sitting postures, excellent 636 

performance was observed across different algorithms, with all performance evaluation indicators exceeding 90% 637 
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when using the complete multi-sensor combination. Among these, the machine learning algorithms demonstrated 638 

similar performance, while the two deep learning algorithms showed only marginal improvements compared to the 639 

machine learning algorithms. Overall, the distinction in recognition performance between the two types of algorithms 640 

was not substantial. For compound sitting actions, the performance indicators of LSTM and GRU surpassed 80% for 641 

various sitting actions under different multi-sensor combinations. Notably, GRU consistently exhibited outstanding 642 

recognition performance, indicating its high potential for detecting sitting activities of excavator operators. 643 

Additionally, when using a single sensor, the performance of the three machine learning algorithms was comparable. 644 

With the combination of multiple sensors, the performance indicators of SVM significantly outperformed the other 645 

two algorithms. Overall, the performance of machine learning algorithms in compound sitting actions recognition 646 

was notably lower than that of the two deep learning algorithms. Moreover, through model testing and evaluation on 647 

the imbalanced dataset that closely resembles actual excavation operations, this paper demonstrates the acceptable 648 

reliability and generalization of the proposed method to a certain extent. Among these, GRU demonstrated the best 649 

performance in terms of training time and overall recognition accuracy. These findings highlight the applicability and 650 

feasibility of the selected RNN-based algorithms for processing time series data of excavator operators’ sitting 651 

activities. 652 

The proposed method demonstrated distinct differences in recognizing static sitting postures and compound sitting 653 

actions. In the recognition of static sitting postures, all different sensor combination approaches exhibit acceptable 654 

classification accuracy. This finding can be attributed to the significant changes in the operator’s center of gravity 655 

across different static sitting postures, which can be precisely captured. The position of the torso and the 656 

corresponding interface pressure distribution vary noticeably among different sitting postures, enabling the 657 

identification of static sitting postures using only a single sensor. However, in the recognition of compound sitting 658 

actions, the performance of a single interface pressure sensor array is inferior to that of the multi-sensor combination 659 

approach. When only employing IMUs, the algorithm’s performance shows a slight improvement compared to using 660 

only the interface pressure sensor. Nevertheless, the overall recognition performance remains relatively low and can 661 

potentially disrupt the operation process due to its invasive nature. The sitting actions of excavator operators involve 662 

a multitude of compound body movements, but operators typically maintain a relatively upright sitting posture during 663 
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operation. As a result, the pressure distribution does not exhibit significant changes between different sitting actions, 664 

thereby resulting in poor recognition performance. These challenges emphasize the complexity and dynamics 665 

associated with the operators sitting activities.  666 

The utilization of the multi-sensor combination schemes has significantly enhanced the practicability and 667 

recognition performance of the method. Notably, the highest recognition performance was achieved when all sensors 668 

were used. When fusing the interface pressure sensor data with arm-mounted IMU data, the recognition accuracy 669 

slightly surpassed that of the approach combining the pressure sensor with the torso-mounted IMU. This observation 670 

may be attributed to the pronounced overall range of arm movements across various sitting activities, with the arm-671 

mounted IMUs providing more precise data on the operator’s arm movements. However, this solution may introduce 672 

invasive effects and inconveniences associated with wearing arm-mounted sensors. It is worth mentioning that the 673 

combination of the pressure sensor array and the IMU installed on the seat exhibited considerable recognition 674 

performance. Since the IMU is integrated into the excavator’s structure, it does not interfere with the operator’s 675 

regular work while capturing equipment movement. Consequently, it represents a compromise approach that balances 676 

recognition performance with practical considerations such as cost and intrusiveness. Overall, the results 677 

demonstrated that relying solely on the pressure sensor array yields significantly lower recognition performance 678 

compared to multi-sensor fusion. In particular, when the IMU is positioned on the excavator structure, this scheme 679 

exhibits considerable applicability to other construction equipment operation scenarios. This finding further indicates 680 

that when the operator’s sitting activities are influenced by equipment movement, the employed sensors may receive 681 

corresponding noise signals, thereby compromising the data quality. The proposed method could simultaneously 682 

capture both irregular equipment movements and corresponding operators’ sitting activity information through multi-683 

sensor fusion. Compared with using operator sitting activity-related data alone, this multi-sensor data fusion approach 684 

demonstrates superior sitting activity recognition performance. 685 

5.2. Contributions and implications to theory and construction practice 686 

This paper develops theoretical methods and technical solutions for excavator operator activity recognition. The 687 

collection of kinematics-based data in real construction task scenarios presents significant challenges due to the 688 
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construction site’s complex, dynamic, and harsh environmental factors. Moreover, previous studies primarily relied 689 

on data collected from laboratory experiments, which limits the evaluation of the usability and reliability of sensing 690 

technology and data processing methods in practical settings. To overcome these limitations, this paper conducts 691 

experiments and collects data in a real construction site environment. By integrating interface pressure sensing 692 

technology and IMU sensors, simultaneous real-time collection of excavator operators’ sitting activities and 693 

corresponding equipment movement data becomes possible. Consequently, the complex dynamics of operator 694 

activities, influenced by the irregular movements of construction equipment, can be comprehensively recorded and 695 

effectively reflected in the generated features. This supports the selected algorithms in achieving acceptable 696 

recognition performance. The proposed approach exhibits the potential for extension to a broader range of heavy 697 

machinery operating scenarios in challenging and dynamic task environments. Specifically, the proposed method 698 

offers the following advantages: 699 

(1) Multiple sensors were employed to enable the simultaneous collection of target signals and noise signals from 700 

both the equipment and operators, facilitating the comprehensive recording of the entire construction equipment 701 

operating scenario. The findings demonstrate that satisfactory recognition outcomes can be attained by combining 702 

the interface pressure sensor array with a reduced number of IMUs. This presents a fundamental hardware technical 703 

solution for addressing activity recognition challenges in dynamic construction equipment operation scenarios. 704 

(2) This paper compared various machine learning and deep learning algorithms for the recognition of excavator 705 

operator activities. The results unequivocally indicated that RNN-based algorithms are highly effective in capturing 706 

the dynamic characteristics of time series data, exhibiting greater suitability for addressing the research problem. 707 

Notably, GRU consistently exhibited superior recognition performance in certain cases, even when utilizing a reduced 708 

number of sensors. 709 

(3) Operators’ sitting activity recognition methods with high adaptability can be developed by employing flexible 710 

combinations of multiple sensors. Considering practical requirements such as cost-effectiveness and non-711 

intrusiveness, distinct schemes for multi-sensor combinations are proposed, and their feasibility is validated. This 712 

allows for the customization of multi-sensor combinations to suit diverse project requirements and construction site 713 

conditions. In real-world applications, suitable approaches can be selected by carefully considering the trade-off 714 
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between application practicability and efficiency. 715 

 716 

Fig. 13. Practical use of the research. 717 

Furthermore, the proposed method holds potential as a real-time sitting activities recognition tool for managing 718 

the performance of construction equipment operators. To facilitate practical implementation, an executable 719 

application framework was developed, as illustrated in Fig. 13. First, an appropriate multi-sensor combination scheme 720 

should be selected, considering a trade-off between practicability and recognition performance. This selection process 721 

should account for specific application scenario characteristics, activity recognition objectives, project cost control, 722 

and other relevant factors. The collected data incorporates several interpretable interface pressure metrics, which 723 

provide quantitative information on sitting activities. The feedback outcomes can facilitate various aspects of on-site 724 

management, thereby offering significant implications for operator management practices. The information generated 725 

can be utilized for proactive safety risk analysis, health risk assessment, predictive productivity evaluation, and 726 

integration into data-driven methodologies for operators’ behavior perception and operational situation awareness. 727 

For example, the developed method can serve as a technical foundation for measuring and evaluating operators’ 728 

physical discomfort and muscle fatigue levels during prolonged sitting situations, elucidating changes in sitting 729 

posture through pressure distribution and related inertial indicators. Additionally, the evaluation of the recognition 730 

results can inform improvements in the sensor combination scheme and the recognition algorithm. While the specific 731 

application of this framework extends beyond the scope of this paper, its potential benefits are worth exploring in 732 

future research and implementation endeavors. 733 
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5.3. Limitations and future research directions 734 

In construction project practice, the configuration of multiple sensors necessitates a trade-off between method 735 

efficiency and practicability costs. In this paper, a 15×17 pressure sensor array was utilized, which is a redundant 736 

sensor arrangement scheme. The purpose was to fully explore the feasibility of interface pressure sensing technology. 737 

Consequently, some parts of the pressure sensor units in the sensor array did not encounter the participant’s body in 738 

most cases. From the perspective of pressure sensor unit distributions, the pressure features captured by multiple 739 

sensor units in a ROI may be effectively represented by a particular sensor unit within that region. This observation 740 

presents a potential basis for optimizing the layout of the pressure sensor array. Future research should focus on 741 

developing rational sensor layout optimization methods while achieving acceptable sitting activity recognition 742 

performance across a broader range of construction equipment operation scenarios, including its accuracy, 743 

generalization, and other relevant factors. Furthermore, regarding multi-sensor fusion methods, this paper falls under 744 

the category of feature-level fusion method [32]. To enhance the practicability of the multi-sensor systems in diverse 745 

operational tasks, it is crucial to gather more training data in a real construction environment and explore various data 746 

fusion methods regarding their feasibility, adaptability, and recognition performance. Finally, it is important to 747 

acknowledge that this paper employed a partially controlled field experimental setup, although ensuring a balanced 748 

dataset and experimental safety, may not fully capture the complexities of real-world construction scenarios. Hence, 749 

the practicability of the proposed method is still subject to certain limitations. To address this, future research efforts 750 

should verify the reliability of the proposed method under completely uncontrolled conditions, which may necessitate 751 

the development of efficient signal processing techniques and robust classification algorithms. 752 

6. Conclusions 753 

This paper collected and recognized excavator operators’ sitting activities in construction equipment operating 754 

environments. The outcomes could provide essential insights for managing health and safety risks and improving 755 

production efficiency on construction sites. To this end, a field experiment was conducted on a real-world 756 

construction site to collect multi-sensor data on static sitting postures and compound sitting actions in real excavator 757 

operating scenarios. A multi-sensor system, consisting of two pressure sensor arrays and four IMUs sensors, was 758 
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developed to comprehensively capture the dynamics of the excavator operator’s sitting posture. To systematically 759 

describe the characteristics of the interface pressure during operating activities, several typical metrics were generated, 760 

and corresponding features were extracted. The results demonstrated that several machine learning and deep learning 761 

algorithms, including SVM and GRU, achieved superior recognition performance. Specifically, the accuracy of 762 

recognizing compound sitting actions ranges from 77.66% to 93.46% across multi-sensor combinations using SVM, 763 

and from 81.30% to 94.25% using GRU. This paper also explored the recognition performance across different sensor 764 

combinations, highlighting the feasibility and adaptability of various algorithms and sensor combinations in diverse 765 

scenarios. 766 

This paper contributes to both theory and practice in the following ways: (1) The interface pressure sensing 767 

technique and effective pressure indicators related to the excavator operator’s sitting activity are proposed, and its 768 

feasibility is demonstrated. (2) Through multi-sensor data fusion, the construction equipment movements and the 769 

complex dynamics of excavator operators’ sitting activities affected by irregular equipment movements can be 770 

synchronously captured. This mitigates the adverse effects of equipment vibration and movement on operators’ sitting 771 

activity recognition performance, making the proposed method suitable for construction operation contexts. (3) 772 

Comparative analysis of field experimental results identified suitable activity recognition methods that could 773 

recognize excavator operators’ static sitting postures and compound sitting actions. (4) The performance of sitting 774 

activity recognition under various sensor combinations was compared, and optimized sensor arrangement schemes 775 

adaptable to various on-site construction operation scenarios were preliminarily discussed. Moreover, it was revealed 776 

that for more general problems of activity detection and recognition in complex construction equipment operation 777 

scenarios, a multi-sensor fusion-based approach could be a promising technical solution. Future research should focus 778 

on optimizing multi-sensor arrangements and investigating the feasibility and practicability of the proposed methods 779 

across various real construction equipment operation scenarios. 780 
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