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ABSTRACT 14 

The construction industry’s traditional hoisting system always needs workers to complete the tasks 15 

involved, with concomitant extra labor costs and attention to the workers’ safety. This paper 16 

describes the development of an intelligent hoisting system to optimize the hoisting process, 17 

involving the application of robotic cars and vision-based recognition. In the design of the hoisting 18 

system, electric hooks were used and maneuvered by a robotic car while the vision-based 19 

recognition system – based on capturing images by the camera – arranges the robotic motion. The 20 

Yolo v2 recognition algorithm was used, which provides fast and efficient vision-based 21 

recognition. More than thirty trials in an experimental prefabrication factory indicated that the 22 

system had a significant success rate of approximately 92.5% (3.7/4) – the proportion of hooks 23 

successfully grappling the hoist points – verifying the feasibility of the system. The primary 24 

contribution of this paper is in the development and demonstration of an intelligent hoisting system 25 

to optimize the hoisting process, involving the application of robotic cars and vision-based 26 

recognition – furthering the application of computer vision techniques and robotics to construction 27 

work. 28 

Keywords: Intelligent Hoisting; Car-like Mobile Robots; Visual Object Detection; Deep Learning 29 
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Introduction 31 

Rapid urbanization around the world is creating an eagerness for precast construction as a 32 

smart and innovative method to save energy, time, and production costs. Prefabrication is becoming 33 

increasingly popular in the construction industry compared to traditional construction technologies, 34 

as it not only improves construction productivity, building quality, and construction safety, but also 35 

reduces construction time, waste, dust, noise, and the demand for labor (Zhu et al. 2018). Both 36 

public and private sectors in Hong Kong, for instance, have begun to support the implementation 37 

of prefabrication having realized the benefits involved (Tam et al. 2015).  38 

<< Place Figure 1 here >> 39 

However, such prefabricated components as precast floor slabs can be very large, making their 40 

transportation an important and difficult process, of which hoisting is a key element in safety and 41 

efficiency.  42 

As indicated in a survey of previous construction projects, the process of hoisting a precast 43 

floor slab involves at least two construction workers, who climb up a pile of prefabricated 44 

components without any protective devices and use their hands to make hooks grapple the slab. 45 

The whole process is shown in Figure 1(a-f). Figure 1(a) is an overview of one construction site 46 

we visited with a sliding crane and many prefabricated components. Figure 1(b-f) shows the 47 

process of hoisting a piece of precast floor slab. A spreader is hanging by four iron chains while it 48 

connects the four hooks with iron chains. From this picture, at least three human workers in addition 49 

to the operator of the crane are needed to complete the process. Due to the dangerous working 50 

environment and low work efficiency, there are more worker injuries created in the process of 51 

hoisting by crane or human operated devices. Hence, changing the traditional hoisting method into 52 
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an intelligent and automatic hoisting system will make an important contribution to the 53 

construction process and the industry in general. 54 

To solve the above problem, it was intended to use robots instead of human workers. Here, a 55 

proposed intelligent hoisting system was used to hoist precast floor slabs during the process of 56 

assembly from when they are shipped off from their original locations, such as prefabricated 57 

component factories. The research goal was to: (1) reduce the numbers of workers involved and 58 

protect them from safety hazards; (2) maintain or improve time efficiency; and (3) enable the 59 

system to be widely used for different kinds of prefabricated component transportation methods 60 

and construction projects. The intention was to create an intelligent hoisting system to complete 61 

the hoisting process, including the process of hooks finding the hoist points and automatically 62 

releasing the components without any on-site construction workers being involved. Hence, a 63 

navigation facility needed to be added to help the hook find the right position and direction and 64 

then complete the desired tasks. This was done by using car-like mobile robots and electric hooks 65 

with computer vision (CV) techniques and robotic applications. The latest algorithm was adopted, 66 

called the Yolo v2 detection algorithm, which is suitable for the fast and automatic recognition of 67 

real-time images needed. Based on these techniques, the proposed system was then demonstrated 68 

and tested, and shown to be feasible for precast construction work.  69 

The paper is organized as follows. The next section introduces previous studies and the latest 70 

technologies for prefabricated component transportation, hoisting methods, robotic construction, 71 

and image recognition. The proposed method is described in the following section, after which. a 72 

preliminary laboratory experiment is described and the design of on-site experimental work 73 

involving the system. The results are then reported, with a discussion of the advantages and 74 

disadvantages of the system and the possibilities of future work in the next section. Some 75 

concluding remarks are provided in the final section.  76 
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Background 77 

Precast construction and hoisting process 78 

Precast construction has attracted worldwide attention because of its significant role in the 79 

creation of sustainable urbanization. Previous research has shown precast construction to have 80 

many advantages compared to traditional construction technologies, including: (1) better 81 

supervision and frozen design at an early stage; (2) reduced construction costs; (3) reduced material 82 

waste; and (4) shortened construction time (Tam et al. 2007; Li et al. 2014a,b). Hence, since the 83 

1970s, prefabrication has been developed not only to improve construction productivity, building 84 

quality, and construction safety, but also to reduce construction time, waste, dust, noise, and the 85 

demand for labor (Zhu et al. 2018).  86 

Several factors influence the cost and feasibility of precast construction, such as the extra labor 87 

cost involved in checking, assisting and counting, and additional transportation cost and time (Tam 88 

et al. 2007; Jaillon and Poon 2014). Prefabricated construction components are usually very large 89 

and heavy, and with significant transportation costs, especially in the hoisting process, when 90 

components are transported out of factories and assembled on site (Mao et al. 2015). Solving the 91 

high cost of transportation involved will enable significant progress to be made in the prefabrication 92 

industry (Hong et al. 2018). 93 

The hoisting process is a very important in promoting construction time- and cost-efficiency. 94 

Several kinds of hoisting devices are currently used on construction sites, including: (1) traditional 95 

tower-cranes; (2) mobile manpower hoisting devices; and (3) automatic hoisting machines. Many 96 

studies have provided innovative plans to advance and improve current hoisting devices and 97 

methods by adapting them to different actual construction conditions. Bridgwater et al. (2016), for 98 

example, propose a novel design for a robotic detachable grappling hook for use in a nuclear cave 99 
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environment; Lee and Lee (2014) design a motorized hook-block for beam erection in order to 100 

prevent accidents related to steel beam installations; and Sun, Kleeberger, and Liu (2005) propose 101 

a new method of calculation for a lattice mobile crane during hoisting after studying the 102 

acceleration, deceleration, and speed of the crane hoisting process. New control methods and lifting 103 

planning in hoisting systems are also examined in recent studies, such as improved plans for a safe 104 

and efficient crane lifting motion (Zhang and Hammad 2012), design of teleoperated cranes for 105 

user convenience (Chi et al. 2012), a cooperative control system of floating cranes for dual lifting 106 

(Nam et al. 2017), and a robust sliding control of a rotary hook (Duc Tho et al. 2017).  107 

In addition to developments of the crane, many studies have also managed to improve the 108 

process of hoisting. For example, some large and advanced cargo ports have used fully automatic 109 

loading and unloading technologies because of the automatic and unmanned hoisting system 110 

needed Yin et al. 2011; Scardua et al. 2002). Some production assembly lines also use intelligent 111 

hoisting systems, such as in automobile assembly and lifting heavy machinery (Lisowski and Filo 112 

2015).  113 

In hoisting systems, the flexibility and property of hooks is very important, so some new styles 114 

of hooks have also appeared for different uses and situations. Boom cranes are highly automated 115 

machines, and Duc Tho et al. (2017), for example, have designed a rotary hook to suppress residual 116 

vibrations during the payload transloading process. For beam erection, a motorized hook-block has 117 

been used to rotate the beam automatically to its target position (Lee and Lee 2014). Similarly, Lee 118 

et al. (2012) also use a rotation-controllable tower-crane hook block to control the horizontal 119 

rotation angle of a steel beam being lifted by a tower crane, which frees workers to tie themselves 120 

to a column using only a rope. Recently, robotic arms have been used to help hooks complete their 121 

tasks automatically. Several companies have designed the correct size and new shape of the hook 122 

to match the robotic arms, while new designs of robotic arms for the hook have also been 123 
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developed, such as for use in underwater and discovery work (Spadafora et al. 2002). The 124 

requirements for automatic hooks in intelligent hoisting systems comprise three items: (1) to have 125 

a sufficient load capability; (2) to prevent a load from falling in the process of hoisting; and (3) to 126 

be easily controlled by the system. That is, the appropriate hooks in a hoisting system must be 127 

capable of holding a certain weight of the load and able to grapple objects automatically based on 128 

control commands. 129 

Robotic construction 130 

Automation has had a notable impact on a wide range of industries. According to Vähä et al. 131 

(2013), the advantages of automation in construction work are (1) productivity improvement, (2) 132 

quality and reliability, (3) safety, (4) enhancement of working conditions, (5) savings in labor costs, 133 

(6) standardization of components, and (7) life cycle cost saving. The construction industry 134 

invariably involves many dangerous and messy environmental factors that create poor working 135 

conditions for workers, which prompts the idea of robots replacing human workers in undertaking 136 

dangerous and time-consuming tasks. As Bock (2015) foresees, it is likely that construction work 137 

in the future will involve more automatic and intelligent robot-oriented designs, robotic 138 

industrialization, and site automation. 139 

There are three main paradigms for the implementation of robotics applications: distributed 140 

object architecture (DOA), component-based architecture (CBA), and service-oriented architecture 141 

(SOA) (Amoretti and Reggiani 2010). DOA can be used to realize the marshalling/unmarshalling 142 

of operation arguments; CBA can simplify the design of the system and promote software reuse 143 

through separating the interface and implementation, and SOA can minimize artificial 144 

dependencies by a loose coupling between interacting software entities (Amoretti and Reggiani 145 

2010). Based on these paradigms, many studies have developed methods to combine robotic 146 
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technologies with traditional construction techniques and have achieved significant goals in 147 

different construction fields. An application to automatic steel beam assembly, for instance, uses 148 

robotic bolting devices based on an automatic bolting control system, with specific functions, 149 

structures, and mechanisms of the robotic bolting device being proposed for the possible 150 

replacement of human laborers in high-rise building construction (Chu et al. 2013); a set of modular 151 

robotic components was used in an assembly construction system to realize flexible manufacturing 152 

and for this kind of modular component set to be adopted in universal construction (Moses et al. 153 

2014); and a special design of a mobile robotic hoist rack has been proposed that uses a “parts-to-154 

picker”-based order processing system (Boysen et al. 2017).  155 

Robotic arms can also simulate a human worker’s hands, replacing them in completing unsafe 156 

tasks in real time. For example, the simulation of a robotic construction worker system has been 157 

used to find a way to eliminate human worker injuries off-site and remotely link the worker’s 158 

motions to a Robotic Construction Worker (RCW) on-site (Kurien et al. 2018).  159 

Vision-based tracker robots are a kind of human-like robot that has the vision capability for 160 

some specific tasks to reach an acceptable performance (Sangdani et al. 2018), and robots have 161 

been widely used in monitoring workspace and worker behavior (Herrero et al. 2017). There are 162 

some key techniques involved in vision-based control. For example, Yang, Shi, and Wu (2016) 163 

propose a method of “dense trajectories” that could be helpful and efficient in monitoring 164 

construction worker performance. According to Zhao et al. (2016), there are four vision schemes 165 

of monocular, binocular, laser active visual, thermal imaging and spectral imaging; and three 166 

recognition approaches in vision-based automation of single feature analysis, multiple features 167 

fusion, and pattern recognition. Compared with other robot structures, the car-like mobile robot 168 

has a simpler mechanical structure and greater robustness, which is more practical and flexible in 169 

such vision-based recognition tasks (Wang et al. 2017) as obstacle avoidance (Xu et al. 2012) and 170 

This material may be downloaded for personal use only. Any other use requires prior permission of the American Society of Civil Engineers. 
This material may be found at https://ascelibrary.org/doi/full/10.1061/%28ASCE%29CO.1943-7862.0001931.



 

 

minimization of mobile paths (Soltani et al., 2002; Walambe et al., 2016). Hence, car-like mobile 171 

robots are considered likely vision-based recognition assistants in an intelligent hoisting system. 172 

Visual tracking techniques 173 

Visual tracking is an attractive topic in computer vision (CV) to detect and monitor objects in 174 

construction and other fields of research. It plays a critical role in a wide range of applications, 175 

such as video surveillance, human-interaction, and robotics. In on-site construction applications, 176 

visual tracking has been widely used in different conditions; for example, CV techniques can be 177 

used for the automated and continuous monitoring of construction workers at construction sites 178 

(Kurien et al. 2018).  179 

There are many kinds of cameras used in CV techniques. For example, CCTV and stationary 180 

cameras can be used to monitor and detect construction site hazards, and a hazard avoidance system 181 

has been established by wearable devices and a proximity warning system (Kim et al. 2017). Kurien 182 

et al. (2018) use Microsoft Kinect to perform body tracking by calculating real-time 3D joint 183 

coordinates and orientation. Kinect was also used as motion sensor to detect musculoskeletal 184 

disorders risks in construction (Han et al. 2013) because it has an open source driver and very easily 185 

handles such risks as falling from height (Tran et al. 2017), worker motion on duty (Napoli et al 186 

2017), and real workplace conditions (Plantard et al. 2017). In the robotics field, the Kinect sensor 187 

is capable of detecting the position, shape, and dimensions of an object within the working space 188 

of a robot Caruso et al 2017). RGB-D sensors, such as the Kinect sensor and Structure sensor, have 189 

proven to be suitable for use in various fields and are always suitable for some indoor situations or 190 

relatively dim light conditions because of being a depth camera, which will become a common 191 

RGB camera if in an intense light condition outdoors, which may otherwise disturb image capturing 192 
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and involve a low recognition rate (Darwish et al 2017). Hence, common RGB cameras were 193 

chosen here in outdoor research for their low price and simple usage.  194 

Several vision-based recognition algorithms have been widely used to recognize and analyze 195 

objects on construction sites. Hamledari et al. (2017), for example, propose a computer vision-196 

based algorithm using 2D digital images that rely on four vision-based modules designed to detect 197 

the components of interior partitions: steel studs, batten insulation, electrical outlets, and three 198 

states of drywall sheets. In terrain studies, 3D images collected by stereo cameras can be used for 199 

the reconstruction of construction sites (Sung and Kim 2016; Borrmann et al. 2014). In addition, 200 

aiming to create and annotate synthetic images of construction equipment and reduce the required 201 

time involved, a method combining applied segmentation techniques and an automatic negative 202 

image sampler has proved its feasibility (Soltani et al. 2016). On-site construction robotics can 203 

realize autonomous robotic assembly and as-built scanning solely through a single camera and 204 

visual marker-based metrology (Feng et al. 2015). Moreover, a feature construction method called 205 

Evolution-Constructed (ECO) has been proposed by Lillywhite et al. (2013) for object detection. 206 

This has features with several advantages over other object detection algorithms, such as having 207 

no need for a human expert to build feature sets or tune their parameters, because the ECO features 208 

are automatically constructed by uniquely employing a standard genetic algorithm to discover 209 

series of transformations that are highly discriminative. Among many image recognition methods 210 

and object detection algorithms, the Yolo algorithm is a new and extremely fast approach to object 211 

detection, which frames object detection as a regression problem to spatially separated bounding 212 

boxes and associated class probabilities (Redmon et al. 2015). In Yolo, just a single neural network 213 

is used to predict bounding boxes and class probabilities directly from full images, so it is fast 214 

compared with other algorithms that need multi-neural networks. The improved model, Yolo v2, 215 

is a state-of-the-art, more accurate, more robust detection system, while another improved model, 216 
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Yolo9000, is a real-time framework for detecting more than 9000 object categories by jointly 217 

optimizing detection and classification (Redmon and Farhadi 2016). Each algorithm in the Yolo 218 

series can be suitable for image recognition and object detection in certain conditions. For example, 219 

Yolo v2 is chosen if a more accurate detection is needed, while Yolo9000 is the best choice if 220 

separation into many classes of detection is needed. Based on CV techniques, more deeper and 221 

advanced studies have been conducted to deal with more detailed questions in actual applications.  222 

To recognize hydraulic excavators in construction images and videos, a part-based model and 223 

spatial-temporal reasoning has been used to develop a model and improve the performance of an 224 

object recognition system (Rezazadeh Azar and McCabe 2012). In camera-pair calibration, 225 

automatic progress monitoring, 3D reconstruction, or other vision-based construction site 226 

applications, automated computation of the fundamental matrix is an important step for a wide 227 

variety of vision-based functions (Jog et al. 2011). This involves two methods – speeded up robust 228 

features (SUBF) (e.g., Bay et al, 2006, 2008) and a normalized eight-point algorithm (Hartley, 229 

1997) – to realize automatic computation. For the deep recognition of construction site objects, a 230 

data-driven scene-parsing method has been proposed to identify object information of a query 231 

image using nearest neighbors and scale invariant feature transform-flow matching (Kim et al. 232 

2016). The use of machine vision in flexible automatic assembly systems has also proved to provide 233 

a useful and efficient way to the “pick and place” process (Nerakae et al. 2016) 234 

After investigating these studies, we designed a system to detect the position of hooks and 235 

hoist points through cost-effective camera devices and a time-effective algorithm. First, the 236 

problems in the present hoisting system were confirmed, and then robot techniques were combined 237 

with vision-based recognition methods in developing an entirely automatic hoisting system based 238 

on Linux Ubuntu, the Yolo v2 algorithm, and HD webcam. This is described in detail in the 239 

following section. 240 
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Intelligent hoisting system 241 

This section first presents an overview of the process of intelligent hoisting, followed by a 242 

detailed description of the whole system, including system framework, vision-based recognition 243 

algorithm, hardware connection, and computer vision techniques. 244 

Overview 245 

The aim of hoisting in this study was to automatically and efficiently transport such 246 

prefabricated components as precast floor slabs by intelligent hoisting. In doing this, we used car-247 

like mobile robots with electric hooks to automatically locate, grapple, hold, and release hoisted 248 

objects. A camera installed on the spreader (or other places that are relatively stable) caught and 249 

sent images or videos of the robot cars (with hooks) and hoist points to the server. The server then 250 

analyzed the pictures by an image recognition algorithm to identify the real-time position of the 251 

robot cars and hoisting points. The server issued control orders and drove the cars to reach and hold 252 

the hoisting points without human worker involvement until the whole process of intelligent 253 

hoisting was completed.  254 

<< Place Figure 2 here >> 255 

Figure 2 shows the process involved, comprising a scenario with four robotic cars and four 256 

hoisting points for a precast floor slab. The whole process was separated into eight steps. The 257 

hoisting system consisted of three main parts: a crane, spreader, and robot. The crane in the top of 258 

the structure was not a part that needed to be considered in the hoisting system as almost every 259 

crane hook in current construction sites or factories are manually controlled; the spreader had the 260 

important function of connecting the robotic hooks with the crane and iron chains, while the robot 261 

consisted of a robotic car and a hook.  262 
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Although there may be four, six, or another number of hoist points in a precast floor slab 263 

depending on the situation, we used four to describe our method according to the on-site experiment 264 

in a precast factory. As for the installation position of the camera, many different places could be 265 

chosen that have a global view of the complete working plane. For example, the camera could be 266 

installed on the center of the spreader (as shown in the scenario in Figure 2), or installed on any 267 

side of the spreader to capture all the views of the robot cars and hoist points. The steps of the 268 

scenario are shown in Figure 2. These comprise  269 

● Step 1: The spreader and robots entered on the plane of the prefabricated components at 270 

Position A while the server and robot cars were idling; 271 

● Step 2: The robot cars were motionless on the plane, while the camera found and located 272 

the position of each robotic car and hoist point; 273 

● Step 3: The server dealt with the images captured from the camera, drove the robot cars to 274 

the position of the hoist points, and grappled them; 275 

● Step 4: The crane lifted the precast floor slab up at Position A. 276 

This piece of precast floor slab was transported from Position A to Position B. 277 

● Step 5: The crane lowered the precast floor slab down at Position B; 278 

● Step 6: The precast floor slab was parked completely while the spreader continued falling 279 

until reaching a certain distance; 280 

● Step 7: The hook released the precast floor slab; 281 

● Step 8: The crane lifted the spreader up, and the task was finished.  282 

 283 

This material may be downloaded for personal use only. Any other use requires prior permission of the American Society of Civil Engineers. 
This material may be found at https://ascelibrary.org/doi/full/10.1061/%28ASCE%29CO.1943-7862.0001931.



 

 

Description of the system framework, algorithm and control method 284 

In this subsection, the hardware connection, algorithm, and control method are introduced 285 

according to the scenario mentioned above to give a clearer description of the system. First, we 286 

introduce the whole system framework and its connection and functions of each part; then, the 287 

algorithm and control method adopted in the system is described. 288 

System framework 289 

The automatic hoisting system consisted of three main parts: a robot, server, and camera. The 290 

camera was responsible for taking pictures and capturing images in real-time situations that were 291 

collected at a specified number of frames per second (Fps). 25 Fps was used here based on the 292 

hardware performance and algorithm capability (Kim et al 2016), which is fast enough for the 293 

system to realize visual recognition in time. Each car-like mobile robot in the system consisted of 294 

a robot car and an electric hook, termed here the “robot car”. The server was considered as the 295 

brain in this system and had three main functions of operating the camera, image recognition, and 296 

robot control. Figure 3 describes the main functions and the whole process of each part in the 297 

server. In the process of intelligent hoisting, first, the camera captured the global images, which 298 

contained the robot cars and hoist points. Then, based on the Linux Ubuntu system, the camera was 299 

operated by OpenCV Lib, which is an open-source imaging process library. After pre-training the 300 

Yolo v2 recognition model with pictures of robot cars with hooks and hoist points, a Darknet 301 

framework (Liao et al., 2018) was used to automatically and easily recognize the position and 302 

direction of the robot cars and hoist points in real-time images. The robot application was then able 303 

to control and drive the robot cars and hooks to complete the hoisting task. 304 

<< Place Figure 3 here >> 305 
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Algorithm and control method 306 

The hoisting system combined an image recognition process and robot control method, which 307 

meant that while the system recognizes and detects the position and direction of the robot cars and 308 

hoist points, it also controlled the movements of the robot cars to grapple the hoisting points. Figure 309 

3 provides a flowchart of the whole process, including image recognition and the control 310 

mechanism.  311 

In the beginning, after pre-training, the camera began to capture the images of all the items 312 

and send them to the server, while the algorithm began to recognize the direction and position of 313 

the robot cars related to the hoist points. Then, if the direction of robot car was incorrect, the 314 

controller rotated the car in the right direction; otherwise, if the direction of robot car was correct, 315 

detection of the position of the robotic car was conducted in the next frame. When the positions of 316 

the robot car and its hoist point matched, the hook could be controlled to grapple the point; but if 317 

the position were unsuitable, the application would command and drive the robot to the correct 318 

place and recommence recognizing the robot’s direction and position until the two positions 319 

matched. After transporting the prefabricated component from Position A (the original position) to 320 

Position B (the latest position), the process of releasing the hook became the next most important 321 

issue. First, the crane slowed down the spreader, which contained the robotic cars with hooks. 322 

When the prefabricated component reached the ground, it continued going down until it landed 323 

completely, with the iron chains a little loose. Finally, the hook was released, and the crane lifted 324 

the spreader.  325 

A fast detection algorithm and highly efficient recognition was needed, as the research aimed 326 

to detect and control the robotic cars and hooks so that the system could complete the whole 327 

hoisting process automatically and efficiently. The Yolo and Yolo v2 detection system is extremely 328 
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fast (Kim et al. 2016), with Yolo v2 having better, faster, and stronger results because it uses a 329 

more accurate detector. When making predictions, Yolo v2 also reasons about the image globally 330 

first and then implicitly encodes contextual information about classes and appearances while seeing 331 

the entire image. Moreover, Yolo v2 represents the target objects in a generalizable and 332 

straightforward way, and therefore all that is needed is just to run a neural network on a new image 333 

at the test time when predicting a new image. There are three main steps in the Yolo v2 algorithm: 334 

marking the images in a training set, training the model, and testing. Hence, the Yolo v2 algorithm 335 

was used in the system to detect the position and direction of the robot cars, hooks, and hoisting 336 

points and then help the server to make appropriate instructions controlling the car movements.  337 

The process by which each robot car (with a hook) (1) found the nearest hoisting point and 338 

then (2) moved close enough to that point for the hook to reach and finally grapple it, was without 339 

feedback to minimize the time taken. The robotic cars (with hooks) received the real-time order 340 

and then responded according to an image frame captured by the camera at that moment until the 341 

server received the next image frame, when the server detected the latest information of positions 342 

and directions and sent a new order to the robot cars.  343 

The control of the robotic cars and the electric hook was the key aspect of the system. First, 344 

we designed two new types of robot cars of different sizes but supported by the same hardware. 345 

Type 1 was 30 × 20 cm and weighed 0.5 kg, while Type 2 was 35 × 25 cm and weighed 0.7 kg 346 

(Figure 4). The different types of robot cars were chosen to assess the effect of the robot shape. In 347 

Figures 4(a) and 4(b), Parts (1)–(4) received the commands from the server and conducted Parts 348 

(5) and (6) to complete the task. Part (5) was a track wheel in the car, and Part (6) was the electric 349 

hook installed on the car. A car model with track wheels was chosen because it is more stable than 350 

one with circular wheels. The requirements of the electric hooks in this application were (1) the 351 

acceptable load of the hook was enough to hoist a precast floor slab (around 2000 kg); (2) the 352 
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weight of the hook itself was relatively light; and (3) the reaction of the electronic hook was very 353 

fast.  354 

<< Place Figure 4 here >> 355 

 356 

Based on the image recognition results, the server commanded the robot cars and hooks 357 

through the robot application. All the commands were based on an instruction list designed in the 358 

research and stored in the robot application. Table 1 shows the simple instruction list used. After a 359 

simple coding of the instructions, the robot car carried out the server’s instructions. 360 

<< Place Table 1 here >> 361 

 362 

Experiment 363 

Preliminary experiment 364 

To verify the feasibility of the system, a preliminary laboratory experiment was first conducted 365 

with the Type 1- robot cars. The experiment involved training and testing. For training, 64 images, 366 

including 32 pictures of robot cars with hooks and another 32 pictures of hoist points, were used. 367 

Figure 5 shows the algorithm and process of the experiment. The right-hand image shows the Yolo 368 

v2’s recognition results from the left picture. In the right-hand image, a robot car was surrounded 369 

by a green box labelled “robot”, while each hoist point was surrounded by a red box labelled 370 

“hookpoint”.  371 

<< Place Figure 5 here >> 372 

 373 

As Figure 5 illustrates, each robot car (with a hook) found the nearest hoisting point and then closed 374 

towards that hoisting point until the hook reached and finally grappled it (without feedback). The 375 

robot cars (with hooks) received the real-time order and responded according to an image frame 376 
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captured by the camera; upon receiving the next image frame, the server detected the latest position 377 

and direction and sent a new order to the robot car. 378 

<< Place Figure 6 here >> 379 

Several simple tests were also carried out to verify the feasibility of the method. For example, 380 

one task commanded the robot car to carry the hook to grapple the left-down hoist point, and the 381 

car successfully arrived at the hoist point and the hook grappled it efficiently. This was repeated 382 

more than 10 times, with an average time of approximately 10 and 11 seconds for each trial with 383 

the Type 1- and Type 2- robot cars respectively. The path of the robot cars and recognition results 384 

are shown in Figure 6. Having obtained these satisfactory results, the next step was to perform an 385 

on-site experiment.  386 

 387 

 388 

On-site experiment 389 

The successful completion of the preliminary experiments confirmed the system’s use under 390 

laboratory conditions. Hence, an on-site experiment was conducted. This took place in a precast 391 

floor slab factory in Shenzhen, China. A camera was installed in different positions around the 392 

construction site, with four car-like mobile robots and four hooks, and all the processes conducted 393 

in a real working environment. The laboratory experiment indicated that the shape and weight of 394 

the robot car might affect the center of gravity of the hook and cause an involuntary movement of 395 

the hoisted floor slab. Theoretically, if the robot car were too heavy or too big, the center of gravity 396 

would be shifted to the side of the car. 397 

To identify the best direction and place to install the camera, one researcher held the camera 398 

and collected the images of different views and directions. Eight robot cars were employed in the 399 

experiment, including four Type 1- robot cars and four Type 2- robot cars; all the robot cars were 400 
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used to discover the influence of their different shapes and weights. The elapsed time was recorded 401 

from the moment when the robot car entered the slab plane to the moment when the hook grappled 402 

the hoist point. This was repeated 30 times. Figure 7 shows the different views of the crane, 403 

spreader, prefabricated component, and robot cars in the on-site experiment. Figure 7(a) is a picture 404 

captured in the process of a crane hoisting a slab through a spreader; Figure 7(b) shows the 405 

installation of the robot cars in Case 3; and Figures 7(c)–(e) show the process of hoisting the slab. 406 

There were three cases in these 30 trials, comprising:  407 

Case 1: 10 trials using four Type 1- robot cars; 408 

Case 2: 10 trials using four Type 2- robot cars; 409 

Case 3: 10 trials using two Type 1- robot cars and two Type 2- robot cars, with diagonal symmetry 410 

installed on the spreader. 411 

<< Place Figure 7 here >> 412 

 413 

Finally, feedback of the operations was obtained by a questionnaire survey of construction 414 

workers (30 males age 45 ±4.5) normally responsible for carrying the hook to the hoist point and 415 

its grappling or release. The thirteen workers surveyed promised to complete the questionnaire 416 

seriously and unreservedly. 417 

Results 418 

This section summarizes the results of the on-site experimental verification and subsequent 419 

survey. As with the laboratory experiment, the process comprised training and testing. When the 420 

real-time images were received, the pre-trained Yolo v2 algorithm recognized the robot cars and 421 

hoist points. The pre-training process was similar to that in a preliminary experiment, which mainly 422 

ran the function – train_yolo() (see Figure 8). Many images from different views of directions and 423 
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positions of the camera were collected and recognized through the recognition algorithm. Examples 424 

of the recognition results are shown in Figure 8 in the images in the right-hand column, where the 425 

robot cars and hoist points were recognized. From the results of the images captured from different 426 

directions, we concluded that a camera installed in one position could capture the global and clear 427 

view of the objects, and the Yolo v2 algorithm would easily recognize the objects with more than 428 

0.8 accuracy. When the camera was installed in the center of the spreader, the view of the camera 429 

was always global and easily captured all the objects with a recognition accuracy rising to 0.95. 430 

Table 2 shows the average elapsed times in Cases 1 to 3 to be 21.8, 22.1, and 22.5 seconds 431 

respectively. In Table 2, the third column “Average elapsed time” represents the total time included 432 

in the process of hoisting from the moment that robot cars fell to the slab to the moment that the 433 

hook grappled the points. The last column “Average success rate” shows the average percentage 434 

of robot cars that successfully grappled the hoist point. As the total number of robot cars in a trial 435 

was 4, for example, if the number of the successful cars was 3 in one trial, we recorded the success 436 

rate in this trial as 3/4. Then we averaged the number of successful cars in all the trials and 437 

concluded that the “Average success rate” is 3.7/4 in Case 1, 3.8/4 in Case 2, and 3.6/4 in Case 3. 438 

Case 2 had the best success rate, measured as the average number of times the hoist points were 439 

successfully grappled.  440 

<< Place Figure 8 here >> 441 

<< Place Table 2 here >> 442 

However, the differences were very small, indicating that the size, shape, and weight of the robot 443 

car had only a small effect. The possible reasons are that both types of robot cars were extremely 444 

light compared to the weights of precast floor slab, so that their centers of gravity would not be 445 

easily shifted in the process of hoisting; their moving speeds were similar; and the precast floor 446 

slabs were not very large and robot cars only needed to move to the nearest hoist point on the 447 

This material may be downloaded for personal use only. Any other use requires prior permission of the American Society of Civil Engineers. 
This material may be found at https://ascelibrary.org/doi/full/10.1061/%28ASCE%29CO.1943-7862.0001931.



 

 

floor’s surface. Hence, the elapsed time would be similar despite the two types of cars having 448 

different lengths of track wheels. 449 

As to the worker questionnaire survey, the efficiency of the human workers depends on the 450 

conditions involved – whether or not the worker needed to climb a pile of prefabricated 451 

components, and whether releasing or grappling is involved. According to Table 3, the manual 452 

process of grappling the hook to the hoist point took more time than releasing the hook, while 453 

climbing a pile of components also took more time. In the hoisting process, the time each worker 454 

spent was considered from the moment that he started doing the task to the moment that all the 455 

hooks were grappled or released. For example, if the worker needed to climb a pile of prefabricated 456 

components, the start moment was when he began climbing and the end moment was when he 457 

successfully released or grappled all the points. Workers also had a safety awareness when they 458 

climbed to height, grappled and released the hook – being worried about flying hooks, the moving 459 

spreader of the crane, and exposed reinforcement bars of the components. Safety awareness was 460 

recorded from the 30 questionnaires that requested the investigators to grade the extent of their 461 

awareness of safety when they were working (with a full mark of 100). Table 3 shows that, when 462 

workers needed to climb on the slab at height or grapple the hooks rather than release them, they 463 

had more safety awareness. Grappling the hooks by climbing on the slab involved the largest safety 464 

awareness (90) while releasing the hooks without climbing on the slab needed the smallest safety 465 

awareness (50). The hoisting workers had to face not only the burden of their workload but also 466 

the needs of safety awareness. Hence, the proposed intelligent hoisting system was very necessary 467 

and important.  468 

<< Place Table 3 here >> 469 

 470 

Compared to the performance of human workers and robot cars in Tables 2 and 3, we can 471 

conclude that if human workers do not have to climb on the slab, they (spending 20 s for grappling 472 
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and 18 s for releasing) will spend less time than robots do (about 22 s); if human workers climb on 473 

the slab, they will spend 32 s for grappling and 30 s for releasing, which is more time than robots 474 

(about 22 s) do. However, the robots have the advantage of perfectly solving the traditional human 475 

worker safety issue, and can help reduce labor costs. Another fact of the performance of robot cars 476 

is the success rate. Table 2 shows the average success rate to be around 92.5% (3.7/4) in applying 477 

robot cars in the hoisting system. If we consider that the human workers grapple or release all the 478 

hooks and complete the task successfully every time, the average success rate for the human 479 

workers was 100%. However, although the performance of robots seemed to be worse than human 480 

workers, the questionnaire survey confirmed that the latter might make such mistakes as forgetting 481 

to grapple and release a hook.  482 

The results demonstrate that the Yolo v2 algorithm and control method could be successfully 483 

used in the proposed intelligent hoisting system; the two types of car-like mobile robots had little 484 

difference in performance; the disadvantages and advantages of the proposed method compared 485 

with human workers were revealed; and, by replacing human workers with robots, the proposed 486 

method completely removed the traditional human safety risks involved almost without any loss 487 

of efficiency.  488 

 489 

Discussion and future work 490 

This study demonstrated the feasibility of the proposed intelligent hoisting system in laboratory 491 

experiments and a field trial, to show that a car-like mobile robot could be used as an effective tool 492 

to replace human workers in factories and construction sites. The advantages of the application are 493 

(1) Workers’ safety is protected. Construction work is notoriously unsafe with human workers 494 

exposed to varying degrees of unsafe conditions on site. Hoisting prefabricated components 495 
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involve many hazards, such as flying hooks and spreaders, movement of the crane, high piles 496 

of components, and even the exposed component reinforcement bars. By substituting humans 497 

with robots, workers will be completely absolved from any of the safety risks traditionally 498 

associated with hoisting activities.  499 

(2) The use of robots reduces the labor costs of factories and construction projects. Hoisting a 500 

prefabricated floor slab component from its original place to a new location traditionally 501 

involves at least two human workers. Using the intelligent hoisting system in the same situation 502 

should involve at most one worker.  503 

(3)  It is easy and inexpensive to build the intelligent hoisting system. It is very easy to remake the 504 

spreader and the hook in the construction site and factories as there is no need to change the 505 

shape and functions of the crane – it is just needed to install a camera and robot cars in the 506 

traditional hoisting system. 507 

Although the proposed system has the above advantages, a discussion of its drawbacks and 508 

how to improve its performance is very important for future research to make the intelligent 509 

hoisting system more practical and valuable in construction. The recognition speed and the reaction 510 

time of the robot directly affected the elapsed time of the intelligent hoisting system. The Yolo v2 511 

algorithm worked well in the process of image recognition because the frequency of the received 512 

images was high enough to make the robot react almost instantaneously. However, there is also the 513 

opportunity to improve even further by increasing the frequency of frames and the capability of the 514 

electric motor to generate a faster and more robust speed of movement.  515 

Some new risks involved with the robotic system were also identified. First, the maintenance 516 

of the system is an important issue due to the different hard conditions in construction sites. For 517 

example, the good performance of visual recognition depends on the quality of the images. 518 

However, the hoisting process always happens on outdoor sites, which are affected by weather 519 
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conditions, light intensity, and even temperature. These factors may influence the work of the 520 

camera, the movement of the robot cars, and the result of visual recognition. Hence, a more stable 521 

algorithm needs to be adopted and stronger supervision for handling such emergencies as the robots 522 

being broken or “running away”. Time- and cost- efficiency are another important issue to be 523 

improved in future work. Timesaving is not obviously superior, especially when the human 524 

workers release the hook without climbing on the precast slab (see Table 3). In that situation, the 525 

robots spend around 22 s while the human only needs 18 s. Hence, new methods are needed to 526 

improve time-efficiency in such situations, such as improving the moving speed of car-like robots 527 

and optimizing the visual recognition algorithm. In this research, labor costs are shown to be 528 

reduced because the number of workers can be decreased at most from three to none. However, 529 

guaranteeing the normal operation of the system may involve more supervision costs, leaving how 530 

to reduce supervision cost a significant problem to be solved. Also in need of consideration is a 531 

QA system to prevent accidents, such as potential hazard from one grapple is not hooking properly.  532 

There is also potential to widen the range of application of the proposed system. Theoretically, 533 

it could be used in many hoisting processes. If a three-dimensional (3D) camera is used, 534 

information in three dimensions would be recorded, which could be used to train the system to 535 

recognize the 3D positions of objects. As a result, different shapes of objects could be recognized 536 

and the robots able to reach the 3D position and grapple or release the hook. To date, however, we 537 

only verified the system’s feasibility in hoisting precast floor slabs and some other plane objects. 538 

In reality, there are many shapes of prefabricated components and other objects that need to be 539 

hoisted. For example, precast stairways always have an atypical shape and a circle of hoist points. 540 

Precast windows contain glass and need to be hoisted gently. Future work is needed to conduct 541 

more experiments to train and verify the model to realize intelligent hoisting-based CV techniques 542 

and robot applications in all hoisting conditions. 543 
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Conclusion 544 

Automation is becoming an increasingly popular feature of precast construction work, and robots 545 

are consequently being treated as excellent assistants in prefabrication factories. This paper 546 

proposed an application of robots in a precast hoisting system and verified its feasibility under 547 

laboratory and on-site experimental scenario conditions. Thirty trials in an experimental precast 548 

factory indicated the feasibility of the proposed intelligent hoisting system for use with precast 549 

concrete slabs, to improve human worker safety without apparent loss of construction efficiency. 550 

The two main outcomes of this study are in (1) showing that CV techniques can be used in an 551 

intelligent hoisting system to detect and monitor the position and direction of objects, like the eyes 552 

of human workers in helping the system find such objects as the hooks and hoist points; and (2) 553 

verifying that car-like mobile robots can be used in the system to replace the human workers’ hands 554 

to grapple and release the hooks. 555 

The primary contribution of this paper is in the development and demonstration of an 556 

intelligent hoisting system to optimize the hoisting process, involving the application of robotic 557 

cars and vision-based recognition – furthering the application of computer vision techniques and 558 

robotics to construction work. Future studies are needed to investigate the potential of CV 559 

techniques and intelligent robots in different construction sites and prefabrication factory 560 

environments. 561 

Data availability 562 

Some or all data, models, or code that support the findings of this study are available from the 563 

corresponding author upon reasonable request.  564 
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Tables 735 

 736 

 737 

Table 1. Instruction list 738 

Instruction CID1 CID2 

Reset 0xF0 0x0F 

Go forward 0x66 SPEED 

Turn left  0x6C ANGLE 

Turn right 0x72 ANGLE 

Go backward 0x62 SPEED 

grapple 0x68 0xFF 

Release  0x75 0xFF 

 739 

 740 

 741 

Table 2. Results of the three cases in the on-site experiment 742 

Cases Total trials 
Average elapsed 

time (/s) 

Average success rate 

(/4) 

1 10 21.8 3.7 

2 10 22.1 3.8 

3 10 22.5 3.6 

 743 

 744 

Table 3. Summary of the survey of human workers’ efficiency 745 

Working conditions 
Average time in 

hoisting (s) 
Safety awareness (/100) 

Grapple the hook without 

climbing on the precast floor slab 
20 60 

Grapple the hook including 

climbing on the precast floor slab  
32 90 

Release the hook without 

climbing on the precast floor slab 
18 50 

Release the hook including 

climbing on the precast floor slab 
30 88 
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Figure captions 748 

Figure 1. Example of the hoisting process in a real construction situation (source: the authors) 749 

Figure 2. Scenario of the intelligent hoisting procedure 750 

Figure 3. System flowchart 751 

Figure 4. The robotic car shapes 752 

Figure 5. Illustration of the proposed algorithm (source: the authors) 753 

Figure 6. Simple example hoisting task using a Type 1- robot 754 

Figure 7. On-site experimental view of the crane, spreader, prefabricated component, and robot 755 

cars (source: the authors) 756 

Figure 8. Examples of recognition results (source: the authors) 757 
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Figure 1. Example of the hoisting process in a real construction situation  
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Figure 2. Scenario of the intelligent hoisting procedure 
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Figure 3. System flowchart 
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Figure 4. The robotic car shapes 
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Figure 5. Illustration of the proposed algorithm 
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Figure 6. Simple example hoisting task using a Type 1- robot 
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Figure 7. On-site experimental view of the crane, spreader, prefabricated component, and robot 

cars 
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Figure 8. Examples of recognition results 
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