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Abstract: The construction industry is suffering from aging workers and frequent accidents, as well 11 
as low productivity. Automation and robotics is regarded as a promising approach for enhancing the 12 
development of the industry, and the automatic operation of cranes, as an important aspect of 13 
construction, is attracting increasing attention. However, due to the complexity and dynamics of 14 
construction sites, it is difficult for cranes to automatically recognize and locate lifting objects (e.g., 15 
precast facades and partitions) on site. To solve this problem, an image-based automated onsite 16 
object component recognition approach for the automatic operation of cranes is developed in this 17 
study. This is a fusion of Faster-R-CNN (Region-based Convolutional Neural Network), Canny, 18 
Hough Transform, and Vertex-based Determining Model, to uniquely locate a lifting object with 19 
exact pose and extract its features (e.g., centroid coordinates, size, and color). Based on the extracted 20 
features, the lifting object can be retrieved in the database with the IFC (Industry Foundation Classes) 21 
format of BIM (Building Information Modeling) to obtain more features for the automatic operation 22 
of a crane. It is shown from a field experiment that the developed approach is workable and has the 23 
potential to support the automatic operation of cranes. This contributes a basic approach to the 24 
automatic operation of cranes and promotes the rapid development of construction automation and 25 
robotics.  26 
Keywords: automatic operation of cranes; automated object recognition; Vertex-based Determining 27 
Model; image processing. 28 
 29 
1. Introduction 30 
The construction industry worldwide is characterized by its aging workers[1-3] with the number of 31 
employees decreasing and proportion of elderly workforce increasing annually[4], resulting in that 32 
the industry is facing increasingly severe workforce issues. Moreover, the industry’s accident rate 33 
is a further serious problem. According to United States Department of Labor statistics, construction 34 
accidents accounted for more than 18% of total occupational injuries in 2017[5]. With the rapid 35 
development of information technology in recent years, construction automation and robotics is 36 
becoming a clear solution to such problems. This is particularly the case for cranes, one of most 37 
commonly-used forms of equipment on site for hoisting prefabricated components and materials, 38 
the automation of its operations is attracting increasing attention as a means of improving the 39 
efficiency and safety of construction operations[6-8]. 40 

 41 
Previous research into the automation of cranes can be categorized as the selection of a suitable 42 
crane type[9-11], the location identification and optimization of cranes[12-14], the lifting path 43 
planning[15-17], the coordination of multiple cranes[18-20], and the simulation and visualization for 44 



 

crane operations[7, 21-22]. However, most of these studies are mainly concerned with the automated 45 
planning of crane operations rather than automated operations. Particularly, it lacks research on the 46 
automatic recognition of site objects which, by providing the initial position and other necessary 47 
information of lifting objects, is the basic requirement for the automatic operation of cranes[7]. 48 
Conventional manual inspection is the most commonly used approach on site to determining the 49 
original position of lifting objects, which means crane operators or signal workers observe the 50 
surrounding environment with the naked eye and transmit information through gestures, but is time-51 
consuming and error-prone and unsuitable for automatic operations[23]. 52 

 53 
The rapid development of advanced information technology provides some new solutions to this 54 
problem, among which three-dimensional (3D) laser scanning and image processing are the two 55 
most commonly used[24]. Table 1 compares their critical parameters of processing time, price, and 56 
precision, clearly indicating that image processing is faster and cheaper than 3D laser scanning. 57 
Meanwhile, current research shows when the accuracy required is larger than 1.27cm, image 58 
processing can be an alternative of 3D laser scanning[25]. Considering that the 2% deviation is 59 
required by facility management quality assurance standards[26] and the dimension of construction 60 
components is usually larger than 300cm, the acceptable accuracy of object recognition is over 6cm. 61 
Thus the precision of image processing is acceptable as well. It should be noted that the data 62 
acquisition time for laser scanning depends on the number of stations, the size of room, and the 63 
number of objects in the space, and an additional merging step[24] is required due to the 64 
oversegmented object. Subject to policy restriction and privacy protection, laser sensors which are 65 
usually mounted on drones to collect point cloud data cannot be widely promoted on construction 66 
sites. Besides, in terms of productivity improvement, image processing provides satisfactory results. 67 
A video interpretation model and prototype system has been developed to extract productivity 68 
information from the video of construction operations[27-28]. Similarly, site layout and a crane jib 69 
trajectory are combined to obtain the activity state of a crane[29]. Based on the above, a framework 70 
is proposed to achieve higher accuracy[30], and multi-cameras are used for continuity monitoring[31]. 71 
In some research, a classifier is used to distinguish the healthy and potentially unhealthy building 72 
component surface texture in the collected two-dimensional (2D) color images for damage detection, 73 
with 90% detection workload reduced[32]. All of these make it possible to employ image processing 74 
to solve the above problem. This research aims to develop an image-based automatic and real-time 75 
recognition approach for lifting objects, consisting of Faster R-CNN-based object detection, Canny 76 
detection, Hough transformation, Endpoint clustering, Vertex-based Determining Model, feature 77 
extraction and database retrieval. First, existing research into image processing for construction 78 
work is reviewed and relevant limitations are summarized in Section 2. Then, the research method 79 
is illustrated in Section 3 and the object recognition approach is proposed in Section 4. Finally, a 80 
field experiment to test the feasibility of the proposed approach is conducted in Section 5, and 81 
conclusions are drawn in Section 6. 82 
 83 

Table 1. Comparison of 3D laser scanning and image processing 84 

Item 3D laser scanning 
Image 

processing 

Time 
Data acquisition Measurement speed up to 976,000 points/second[35]  Real time[34] 
Data processing 3.72s per room[24] Real time 



 

Price Around USD 5400 Around USD 300 

Precision 

Trimble GX3D Scanner[33]: 
1.5mm at 50m, 7mm at 100m; 
Terrestrial Laser Scanning[36]: 

4mm 

6-8cm[25] 

 85 
2. Literature review 86 
2.1 Definition of object recognition 87 
Although object recognition is a basic problem frequently mentioned in previous research, relevant 88 
approaches are different for specific contexts. For instance, the purpose of object detection in 89 
computer vision is to classify and localize individual objects in a 2D image, with each pixel 90 
classified into a fixed set of categories based on region proposal methods and Region-based 91 
Convolutional Neural Networks (R-CNN)[37-39]. A robotic visual recognition system estimates the 92 
3D motion, pose, and structure of rigid or moving objects relative to a robot based on the 93 
corresponding features extracted at different times or captured by different cameras[40-41]. For 94 
autonomous driving, a vision-based navigation system provides object detection and 3D orientation 95 
by analyzing the features extracted from synchronized sensors operating in cluttered 96 
environments[42-43]. In general, object recognition in previous research focuses on the detection and 97 
classification of a desired object in a 2D scene[44], or the 3D localization of a search object (i.e., 98 
orientation, motion, pose and structure) based on its features such as shape, color, and so on.  99 
 100 
For object recognition in automatic cranes, the current prevalent R-CNN-based 2D-image detection 101 
approaches can be used for the classification of lifting objects. However, due to most of lifting 102 
objects (e.g., precast walls and precast columns) with similar concrete textures and regular shapes, 103 
the approaches are not suitable for their accurate classification. Moreover, traditional 2D-image 104 
recognition methods are inappropriate for obtaining invisible information (e.g., weight)[12], which 105 
is vital for automatic lifting. The visual 3D localization approach may be helpful for object 106 
classification, not only determining the pose of a search object for lifting path planning, but 107 
detecting its visible features (e.g., size and texture) and further extracting its invisible features. Thus 108 
the object recognition for automatic cranes can be defined as the fusion of 2D-image object detection 109 
and 3D-based object location with determined visible and invisible features.  110 
 111 
2.2 Object detection  112 
The rapid development of deep learning, particularly Convolutional-Neutral-Network (CNN)-based 113 
object detection, provides a new solution to object classification. A prototype of CNN, LeNet 114 
proposed by Lechun[45], is composed of three major groups of layers (input, hidden, and output) and 115 
was firstly used for the classification of handwritten figures in a 2D image. This was followed by 116 
Girshick’s R-CNN[46] to improve detection precision and efficiency. Although the mean Average 117 
Precision (mAP) of R-CNN is 66%, its speed is slow at 47 seconds per image, while consuming a 118 
huge amount of computing time. Following R-CNN, Fast R-CNN was developed using Spatial 119 
Pyramid Pooling networks (SPPnets)[38], with a speed of up to 3 seconds per image and an accuracy 120 
of 70%. This was later superseded by He’s Faster R-CNN[39], in which the traditional Region of 121 
Interest (ROI) Pooling method was substituted with Region Proposal Network (RPN), increasing 122 
processing speed to 5 fps and detection accuracy to 73.2%.  123 



 

 124 
Deep-learning-based object detection methods are being used increasingly in the construction 125 
industry, as shown in Table 2, mainly focusing on component recognition[47][59], damage/defect 126 
detection[32,48,56], object classification[49], workers’ activities recognition[50-52][55][57], and collision 127 
detection[58] on site, basically realizing site object classification. For example, an automatic method 128 
based on DSOD[59] is proposed for the detection of columns and beams in an indoor experiment, but 129 
just using a created image data set rather than a real construction component image set. On the other 130 
hand, considering the limitation that large-scale elements sometimes don’t fit entirely in a camera 131 
view[47], image stitching is used to combine the images containing different segments of one bridge 132 
column into a single image, and then boundaries are further determined based on the recognition 133 
results of feature extraction and an artificial neural network. However, deep-learning-based object 134 
detection methods cannot yet localize a target object in a 3D space. This need to further exploit the 135 
3D location of a search object within the context of deep-learning-based object recognition. As an 136 
example, Jahanshahi[53] made a preliminary attempt at autonomous pavement-defect detection and 137 
quantification (including patching, cracks and potholes) by matching the detection results with 3D 138 
depth data. But as mentioned above, most of lifting objects are with similar concrete textures and 139 
regular shapes, the current object detection methods are not suitable for the accurate classification 140 
of lifting objects (e.g., the classification of different sizes of precast concrete columns). Besides, the 141 
exact segmentation of a lifting object from a complicated background is another important problem. 142 
To do so, a neural network called PointNet[54] for point cloud segmentation is proposed, which uses 143 
1×1 convolution to represent the characteristics of each point and a final maximum pooling layer to 144 
aggregate the characteristics of all points. The method only realizes point-level classification, and 145 
fails to achieve entity-level segmentation. Based on PointNet, by converting the collected point 146 
cloud data into a graphic representation, a multi-layer perceptual classifier is presented to recognize 147 
edges and vertices, providing the base for object segmentation but with only 86.6% accuracy[24].  148 
 149 

Table 2. Deep-learning-based object detection research in construction 150 
Year Objective Detection algorithm Results Ref. 

2010 
Concrete columns 
detection for automated 
bridge inspection 

Artificial neutral 
network, Canny 
operator, Hough 
transform 

89.7% accuracy  [47]  

2015 
Detection of changes in 
tunnel lining  

CNN - [48] 

2018 
Detection of healthy 
surface regions of bridges 

Sliding window 
approach, GoogleNet 
inception v3 network 

82.8% accuracy with 
90.1% search space 
reduction 

[32] 

2018 
Detection of no-hardhat-
use  

Faster R-CNN 
More than 90% 
precision 

[49] 

2018 
Recognition of worker 
activities 

Two-stream 
convolutional networks 

80.5% average accuracy [50] 

2018 
Assessment of steel 
reinforcement fixer 
activities 

Improved CNN 85% average accuracy [51] 



 

2018 
Detection the presence of 
workers and excavators 

Improved Faster R-
CNN 

High level of accuracy 
(91% and 95% 
respectively) 

[52] 

2018 
Construction activities 
recognition 

Faster R-CNN IoU=0.5， mAP=69.7% [55] 

2020 
Detection of building 
cracks  

Faster R-CNN, 
Structured random 
forest edge detection 
(SRFED), Mask R-
CNN 

78% and 66% average 
precision 

[56] 

2020 
Activity analysis of 
construction worker 

i3D CNN-based 
network 

82.6% mAP for pose 
estimation, 72.6% 
multiple-object tracking 
accuracy, and 81.3% 
multiple-object tracking 
precision for pose 
tracking 

[57] 

2020 
Level evaluation of 
Collision Safety for 
Workers and Equipment 

Faster R-CNN 
Equipment: 95.53% 
precision, worker: 
94.09% precision 

[58] 

2020 
Detection of structural 
columns and beams 

Deeply Supervised 
Object Detector 
(DSOD) 

Precision and recall rate 
of 95.0% 
and 93.5% 

[59] 

 151 
2.3 Feature extraction  152 
Traditional feature-based object detection methods are prevalent for visible feature extraction 153 
because of their simplicity, speed, and accuracy. Based on different types of detection templates, 154 
existing feature-based detection methods can be classified as Histogram-of-Oriented-Gradient 155 
(HOG)-based[60], texture/color-based[61-62], shape-based[63-64,47], and scale/affine-invariant feature- 156 
based[65-66]. However, these methods are insufficiently robust in practice due to the unavoidable 157 
effect of a changing environment on feature extraction during lifting progress, such as the effect of 158 
light on texture/color extraction. In addition, most feature-extraction algorithms (e.g., Canny 159 
operator[67-68] and Hough detection[69]) are not adjustable with fixed thresholds, making them 160 
unsuitable for complicated construction environment. Considering these limitations, a non-feature-161 
based method is presented, which directly compares the 2D data representation (the “spin-image”[33, 162 
70]) of a search object to that of its model. Although the method is efficient in occluded situations, it 163 
is limited in terms of its computational complexity being proportional to the number of search 164 
objects, the number of spin images for each object, the number of vertices in each spin image, and 165 
being unable to determine the size and pose of search objects.  166 
 167 
As mentioned above, apart from the visible features, invisible features (e.g. weight) [12] are necessary 168 
for the lifting operation of automatic cranes, but inaccessible directly through the data collected by 169 
site sensors. Considering that Building Information Modeling (BIM)[70-71] has the power to integrate 170 
all of necessary information of a component or a project, some studies have tried to combine BIM 171 



 

with feature extraction to solve the above problem. For example, a model-based automatic dynamic 172 
object recognition and registration method[72] called projection-recognition-projection (PRP) is 173 
developed to extract and process a target object’s point cloud data from background scene and 174 
rapidly match corresponding point cloud data with the model data of the object. In addition, based 175 
on the collected site image data, an image retrieval model[73] is proposed to recognize a target object 176 
from a project model or a generated database using pattern recognition technology according to 177 
location, date and material information. Although current research uses database retrieval, it still 178 
relies on model matching in essence, thus requiring higher model integrity with poor robustness. 179 
 180 
In summary, current research is mainly on the classification and detection of targeted objects in 2D 181 
images in point-level, and seldom considers the spatial location of search objects with an exact pose, 182 
which normally depends on the relationship between 2D image pixels and 3D coordinates. Moreover, 183 
deep-learning-based object detection is not suitable for the accurate classification of construction 184 
components with similar textures. On the other hand, traditional feature-based object detection 185 
methods have a wide application in the extraction of visible features in 2D images, but the effect of 186 
light on color cannot be ignored. In addition, the calculation of the size and invisible features of 187 
search objects have received little attention in previous research, and need further exploration. 188 
Therefore, an appropriate solution is needed to recognize lifting objects efficiently and effectively 189 
in the development of automatic construction cranes. 190 
 191 
3. Research framework 192 
Different from object recognition in other areas, site object recognition for the lifting operation of 193 
automatic cranes not only detects a target object in 2D images, but also determines its 3D location 194 
with the unknown pose and quantity. In terms of feature extraction, centroid coordinates are 195 
necessary for subsequent lifting operations, while size and color are used for database retrieval to 196 
determine other invisible features. The accuracy of color extraction is always affected by light. 197 
Besides, according to the above definition of object recognition for construction cranes, a 198 
preprocessing on retrieved image for extracting target object from dynamic and complicated 199 
construction background is the base of the approach proposed by this research, it can affect 200 
recognition accuracy because of the occlusion of other objects. Therefore, there are four issues in 201 
need of consideration in developing an appropriate approach to object recognition.  202 
 203 
Issue 1: The effect of background and the occlusion of other objects 204 
Construction site environment is invariably complex and dynamic. A complex background may lead 205 
to low efficiency in object recognition, while the dynamics involved (e.g., moving workers) may 206 
result in the occlusion of objects. To solve these problems, Faster R-CNN is used to realize the basic 207 
2D detection of lifting objects, as its 5 fps speed is expected to be able to meet the speed requirement 208 
of on-site object detection but with an acceptable accuracy. As for the occlusion of other objects in 209 
the bounding box, Endpoint Clustering Analysis is used to analyze the distance between the points 210 
extracted by Canny and Hough to detect the possible vertices of a target object. 211 
 212 
Issue 2: The unknown pose and quantity of lifting objects 213 
Object recognition on site assumes that the pose and number of lifting objects are unknown. To 214 
identify this in traditional recognition methods, computational complexity used to be proportional 215 



 

to the total quantity of lifting objects[33]. But Faster R-CNN can be used to detect lifting objects 216 
individually with single bounding box, and circular image processing including simple and efficient 217 
Vertex-based Determining Models is used to locate lifting objects spatially with an exact pose 218 
estimation. 219 

 220 
Issue 3: The effect of light on texture extraction 221 
Due to differences in light sources, weather and shooting time[32], the texture/color of a same lifting 222 
object may be quite different, thus the accuracy of texture/color extraction decreases. To overcome 223 
this, white balance correction is used in the retrieved 2D images before texture/color extraction. 224 
 225 
Issue 4: The address of invisible attributes (features) of lifting objects 226 
As the invisible attributes (e.g., weight) of lifting objects cannot be obtained directly by image 227 
processing technologies, it will be extracted through database matching by combining feature 228 
extraction results and the Industry Foundation Classes (IFC) format of Building Information 229 
Modeling (BIM).  230 
 231 
Based on the four basic issues, this research was conducted by following the four procedures as 232 
shown in Fig. 1, including image collection and preprocessing, image processing, feature extraction, 233 
and database retrieval. First, based on the collected raw data, the 2D image of a search object is 234 
retrieved and segmented using Faster R-CNN. Then, a circulating image processing which consists 235 
of Canny detection, Hough transformation, Endpoint clustering and Vertex-based Determining 236 
Model is proposed to determine target vertices and edges. Furthermore, through data fusion, the 237 
mapping of 2D image pixels to 3D space points with colors is constructed to extract visible features 238 
(i.e. centroid coordinate, size, and color). Finally, based on the exacted features, the invisible 239 
features of the lifting object are retrieved from the database through data matching. 240 
 241 
1) Image collection and preprocessing. Stereo cameras are used to collect the raw data (images) 242 
related to a lifting object in real time, including synchronized 3D coordinates, image pixels, and 243 
color information. For the 2D images retrieved, Faster R-CNN is used to segment each object from 244 
its complex background by a bounding box to support image processing next step. 245 
 246 
2) Image processing. Aimed at a segmented object, Canny detection is first conducted to detect the 247 
edge contours of the object. Then Hough transformation is made to extract the corresponding line 248 
segments and endpoints among the edge contours, with further Endpoint Clustering Analysis carried 249 
out to estimate the lifting object’s vertices. This process is iteratively conducted until the extracted 250 
results satisfy the Vertex-based Determining Model. 251 
 252 
3) Feature extraction. Based on the extracted line segments and 3D coordinates, the centroid 253 
coordinates, size and color of the lifting object are calculated or retrieved from the sensed image 254 
pixels and color information by matching the location of the pixels. 255 
 256 
4) Database retrieval. The invisible features of a lifting object are retrieved from the database 257 
transferred from the IFC format of BIM data by matching the above visible features and determining 258 
the global ID of the lifting object. 259 



 

 260 

 
Fig. 1. The logic framework of this research  

 261 
4. Object recognition approach 262 
To clearly describe the approach, cuboid-shape lifting objects representing precast columns and 263 
slabs, which are common on construction sites, are used as experimental prototype. As mentioned 264 
above, object recognition for automatic cranes involves object detection in 2D images and 3D object 265 
location. According to the theory of solid geometry, the spatial location of a cuboid-shape object 266 
with an exact estimated pose is based on an assumption that at least three specified mutually 267 
perpendicularly intersecting line segments are given. In other words, as long as the image processing 268 
results (the extracted vertex groups) satisfy the proposed Vertex-based Determining Models, the 269 
lifting object can be uniquely located in 3D space. Therefore, the objective of image detection and 270 
processing is to extract the geometric elements (i.e., line segments, endpoints, and vertex groups) 271 
as efficiently as possible. In addition, the extracted visible features can help further determine the 272 
lifting object and its invisible features in the database.  273 
 274 
4.1 Image collection and preprocessing 275 
4.1.1 Image collection 276 
Stereo cameras are known for their speed, simplicity and portability, of which the principle is that 277 
the precise 3D coordinates of a spatial point can be determined by calculating the parallax of 278 
matched pixels in two images of the same object taken simultaneously by two or more cameras from 279 
different views[74], as shown in Fig. 2. Besides, stereo cameras are superior to common cameras in 280 
fast 3D reconstruction, which not only incorporates the automatic correction of lens distortion and 281 
camera position deviation, but also generates dense disparity images and PTS files. Thus stereo 282 
cameras are used to collect real-time raw depth data of the scene saved as PTS files, where (x, y, z) 283 
represent the 3D coordinates of a spatial point, (u, v) represent the 2D coordinates of the 284 
corresponding image pixel, and (R, G, B) represent pixel color information. The 2D images retrieved 285 
from the raw depth data are used to detect lifting objects. Although the retrieved 2D images do not 286 
contain 3D coordinates, they can be matched with corresponding 3D coordinates based on the 287 
coordinates of image pixels. Therefore, the proposed object spatial location approach is based on 288 
the 3D analysis of the geometry features (e.g., line segments and endpoints) extracted from the 289 
retrieved 2D images (640-pixel by 480-pixel). As the computational complexity of image processing 290 
and feature extraction is proportional to image size, lifting objects need to be firstly segmented from 291 



 

their background to decrease image size.  292 
 293 

 
Fig. 2. The principle of stereo imaging 294 

 295 
4.1.2 Image preprocessing 296 
The on-site background of lifting objects in retrieved 2D images is usually complex because of the 297 
hurly-burly situation generated by piles of materials, running machines, and moving workers. In 298 
order to decrease the computational complexity of image processing and reduce the difficulty of 299 
feature extraction, the CNN-based object detection approach is used to detect lifting objects with a 300 
complex background to support the image processing. Of all the prevailing neural network 301 
algorithms mentioned in Section 2.3, Faster R-CNN is used because of its high processing speed 302 
and detection accuracy.  303 

 304 
An appropriate dataset, containing thousands of images of cuboid-shape objects downloaded from 305 
the Internet (e.g., ImageNet and Google Images) or taken on site, was developed to train the Faster 306 
R-CNN model to detect cuboid-shape objects in 2D images. Through manual screening, all noisy, 307 
repetitive, or low-quality images were removed, leaving only 2526 images for training. These 308 
training images were annotated using the open image annotation tool LabelIMG and then saved as 309 
XML files for further training in Python. A labeled image for each mini batch was trained for 50,000 310 
iterations with a learning rate of 0.0003. For the performance of the trained Faster R-CNN model, 311 
as the subsequent detection algorithm relies less on the exact location of objects in bounding boxes, 312 
a positive label was assigned to Intersection Over Union (IOU) thresholds of more than 0.5. For its 313 
mAP, 100 test images were used to calculate the three selected indicators of accuracy, precision, and 314 
recall, respectively defined 315 

 Accuracy= 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇+𝐹𝐹𝑇𝑇

 (1) 316 

 Precision= 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇

 (2) 317 

 Recall= 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇

 (3) 318 

where TP (true positive) represents the number of target objects detected correctly, FN (false 319 
negative) represents the number of target objects detected incorrectly, FP (false positive) represents 320 
the number of other things incorrectly detected as target objects, and TN (true negative) represents 321 
the number of other things not detected as target objects. 322 



 

 323 
The detection results are presented in Table 3, the accuracy, precision and recall are respectively 324 
99.2%, 100% and 99.1%, indicating the performance of the trained Faster R-CNN model is 325 
acceptable. Note that a target object detected by Faster R-CNN is represented by a bounding box. 326 
 327 

Table 3. Detection results of the 60 test images 328 
Type of result TP FN FP TN Total 

Number 231 2 0 19 252 

Performance 
of the model 

Accuracy= 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇+𝐹𝐹𝑇𝑇

=99.2% 

Precision= 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇

=100% 

Recall= 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇

=99.1% 

 329 
4.2 Image processing 330 
Based on the detection results of Faster R-CNN model, image processing is conducted following 331 
the procedure shown in Fig. 3, including Canny detection, Hough transformation, and Endpoints 332 
clustering analysis, to obtain edge contours, line segments with endpoints, and vertex groups. As 333 
long as the vertex groups satisfy any of the proposed Vertex-based Determining Models, the lifting 334 
object can be uniquely located in 3D space. Otherwise, it will go back to Canny Detection with 335 
adjusted threshold until the extracted vertex groups satisfy the presented models. 336 
 337 

 

Fig. 3. Iterative image processing 338 
 339 

4.2.1 Canny detection  340 
Geometric information, such as shape and size, is the key to object recognition. The bounding boxes 341 
from Faster R-CNN contain the whole edge contours of lifting objects. The edge refers to the area 342 
where the image gray scale changes sharply, and is also usually the maximum point of the image 343 
gradient, which is the first derivative of the image function f(x, y). According to the definition of 344 
gradient magnitude, the gradient value of a region where the gray scale changes greatly in an image 345 
is larger than that of a region where the gray scale changes gently, while the gradient value of the 346 



 

region where the gray scale is uniform is zero. In 1986, the Canny operator was proposed by 347 
Canny[68] to obtain the extreme points of the image gradient, which are possible edge contours. 348 
Based on the extreme points obtained, the true edge contours of the lifting objects are detected more 349 
accurately by non-maximum suppression and double threshold detection. However, the original 350 
Canny algorithm has two obvious limitations: 1) the surface texture of the lifting objects left in the 351 
bounding boxes affect the edge detection results; and 2) the fixed Canny threshold for the different 352 
recognition objects in all circumstances is only weakly robust. 353 
 354 
In order to solve these problems, all possible contour points detected by Canny are processed to 355 
calculate the dimensions of the minimum enclosing rectangle of each contour. Compared with the 356 
bounding box dimensions, the contours with a too large or too small enclosing rectangle are 357 
eliminated as textures. As for the fixed threshold, an iterative image processing is conducted with 358 
the original Canny threshold set as small as 5. If the processing results satisfy the proposed Vertex-359 
based Determining Model, it will stop the iterations; otherwise, it means the original Canny 360 
threshold is too small, and it will continue to cycle with a larger threshold until the verification is 361 
successful. As shown in Fig. 4, the improved Canny with an automatically adjusted threshold has a 362 
high potential for eliminating the texture contours of lifting objects, thus obtaining more accurate 363 
edge contours of the lifting object, the pseudo-code of Canny iterative image processing is as 364 
following: 365 
Canny(int cannyMinThreshold,int cannyMaxThreshold,int kernelSize,int apertureSize) 366 
{ 367 
Mat kernel = 368 
cv::Mat::ones(cv::Size(kernelSize,kernelSize),cv::CV_32F)/(float)(kernelSize*kernelSize); 369 
cv::filter2D(inputMat,outputMat,-1,kernel,cv::Point(-1,-1)); 370 
cv::Canny(outputMat, outputMat, cannyMinThreshold, cannyMaxThreshold, apertureSize, false); 371 
return outputMat; 372 
} 373 
 374 

   

(a) Original Canny detection 

result 

(b) Improved Canny detection 

result Ⅰ 

(c) Improved Canny detection 

result Ⅱ 

Fig. 4. Comparison of the edge contour detection results by the original and improved Canny 375 
 376 

4.2.2 Hough transformation 377 
The edge contours extracted by Canny detection actually are a series of extremely close contour 378 
points rather than line segments. Hough transformation, therefore, is adopted to extract the line 379 
segments contained in the contour points by transforming the detection of a given curve in the 380 
original images into the search for peak points in special parameter space. As a result, the line 381 
segments and corresponding endpoints with 2D image pixels (u,v) are obtained. Then, the 3D 382 
coordinates (x, y, z) of the corresponding endpoints can be determined based on the synchronized 383 



 

relationship between the 3D coordinates and 2D image pixels in the PTS files. Table 4 shows the 384 
detailed 3D information of a line segment i extracted by Hough transformation, that is, Point 1 (xi,1, 385 
yi,1, zi,1) and Point 2 (xi,2, yi,2, zi,2). 386 

 387 
Table 4. Detailed 3D information of an extracted line segment 388 

Coordinates x y z u v 
Point 1 of Line i x𝑖𝑖,1 𝑦𝑦𝑖𝑖,1 𝑧𝑧𝑖𝑖,1 𝑢𝑢𝑖𝑖,1 𝑣𝑣𝑖𝑖,1 
Point 2 of Line i x𝑖𝑖,2 y𝑖𝑖,2 z𝑖𝑖,2 u𝑖𝑖,2 v𝑖𝑖,2 

Spatial vector (Δ) Δx𝑖𝑖 = x𝑖𝑖,2 − x𝑖𝑖,1 Δy𝑖𝑖 = y𝑖𝑖,2 − y𝑖𝑖,1 Δz𝑖𝑖 = z𝑖𝑖,2 − z𝑖𝑖,1 - - 
Euclidean distance 

(E) E𝑖𝑖 = �Δx𝑖𝑖2 + Δy𝑖𝑖2 + Δz𝑖𝑖2
2

 - - 

 389 
An ideal result from Hough transformation is that the extracted line segments and endpoints are the 390 
exact edges and vertices of the lifting objects. In this case, due to the adjacent edges of the lifting 391 
objects intersecting at the vertices, the extracted adjacent line segments should also intersect at their 392 
endpoints. However, due to the influence of image noise, the extracted line segments do not exactly 393 
coincide with the actual edges of the lifting objects, often with a little deviation between the 394 
endpoints of the extracted line segments and corresponding actual vertices. This means that the 395 
extracted adjacent line segments do not exactly intersect at their endpoints. To solve this problem, 396 
a clustering analysis is carried on the extracted endpoints to identify the possible intersection 397 
relationships of all the extracted line segments by merging the endpoints whose distances are within 398 
a pre-set distance threshold. 399 
 400 
4.2.3 Endpoint Clustering Analysis 401 
Based on the endpoints extracted by Hough transformation, the clustering analysis can be carried 402 
out to calculate the Euclidean distances between all the endpoints of two different line segments and 403 
compare the calculated distances with the pre-set distance threshold D. If less than or equal to D, 404 
the two endpoints can be called clustering points, at which two corresponding line segments may 405 
intersect. In other words, the clustering points are probably a vertex of the lifting objects. Otherwise, 406 
it can be inferred that the corresponding line segments do not intersect with each other. As shown 407 
in Fig. 5, for the Endpoint Clustering Analysis of two line segments (e.g., Line i and Line j) 408 
containing two endpoints individually, there exist four groups of endpoint relationships in total. 409 
These are Line i-Point 1 to Line j-Point 1, Line i-Point 1 to Line j-Point 2, Line i-Point 2 to Line j-410 
Point 1, and Line i-Point 2 to Line j-Point 2. The clustering point of Line i and Line j is judged on 411 
the four groups of endpoint relationships in turn. 412 
 413 

 
Fig. 5. Endpoint Clustering Analysis of two line segments 414 

 415 
If the result of the Endpoint Clustering Analysis indicates that several endpoints are approximate to 416 



 

each other, such as (Line 1-Point 1, Line 2-Point 2), (Line 1-Point 1, Line 3-Point 1) and (Line 2-417 
Point 2, Line 3-Point 1), these clustering endpoints can be regarded as one vertex group. All 418 
endpoints in the same vertex group should be merged together to form a final vertex, with the 419 
number of endpoints called the aggregation degree of vertex (≥2). In addition, these clustering 420 
endpoints should be replaced with the corresponding merged vertex, whose spatial coordinates are 421 
the average coordinates of the clustering endpoints, so that the line segments with the substituted 422 
endpoints intersect at the merged vertex. As mentioned in 4.2.2, Endpoint Clustering Analysis is 423 
proposed to solve the deviation between the endpoints of the extracted line segments and 424 
corresponding actual vertices caused by image noise. However, apart from image noise mentioned 425 
above, the target object sometimes may be partly occluded by other components, because those 426 
elements always placed beside or on top of each other, resulting in the occlusion of those important 427 
line segments which are the base in the following research. According to different occlusions, it 428 
includes the following three situations: 429 
 430 
Situation 1: Three main intersecting line segments that meet the requirements of Vertex-based 431 
Determining Model are all intact without occlusion, then target object can be uniquely located in 432 
3D space through the proposed approach. 433 
 434 
Situation 2: Middle part of a line segment is occluded, Endpoint Cluster Analysis can be used to 435 
solve this problem and then it changes to Situation 1. As shown in Fig. 6, the green cuboid is partly 436 
occluded by the purple cuboid, resulting in that a complete edge segment is split into two line 437 
segments (i.e., Line 1 and Line 2). According to Endpoint Clustering Analysis, the distance between 438 
Point A and Point B is less than threshold D, therefore they can be regarded as one vertex group and 439 
then replaced with the merged vertex. Considering Line 1 and Line 2 share the same peak points in 440 
Hough parameter space, they are indeed a same new line segment Line 3. It can be found that 441 
Endpoint cluster analysis to solve this kind of occlusion problem depends on the pre-set distance 442 
threshold D. 443 
 444 
Situation 3: As for complete occlusion at the end of a line segment, although this kind of occlusion 445 
is not yet solved by the proposed approach, it is not commonly seen on site and can be avoided by 446 
adjusting camera position. 447 
 448 

   

(a) Before Endpoint Clustering Analysis (b) After Endpoint Clustering Analysis 
Fig. 6. Occlusion solved by Endpoint Clustering Analysis 449 

Green cuboid 

Purple cuboid 



 

 450 
4.2.4 Vertex-based Determining Model 451 
Based on the extracted vertices and line segments, Vertex-based Determining Model is proposed to 452 
predefine the spatial constraint relationship of these elements. As mentioned above, at least three 453 
mutually perpendicular intersecting line segments are needed for the spatial location of a lifting 454 
cuboid-shape object, including the situation where 1) three intersecting line segments are 455 
perpendicular to each other (e.g., L1, L2 and L3 in Fig. 7a), and 2) three line segments intersecting 456 
at two different vertices are perpendicular to each other (e.g., L1, L2 and L4 in Fig. 7b). To determine 457 
such three line segments, the following two Vertex-based Determining Models are proposed by 458 
combining with the vertex groups generated by Endpoint Clustering Analysis. 459 
 460 
Model I 461 
For the first situation, searching three intersecting line segments means searching a vertex where no 462 
less than three line segments intersect, i.e., the aggregation degree of the selected vertex group ≥3. 463 
Judging that three line segments intersect vertically means that the three line segments containing 464 
the selected vertex are perpendicular to each other. The spatial direction vectors Δ (see Table 4) of 465 
the line segments can be used to determine whether two line segments (e.g., Line i and Line j) are 466 
perpendicular to each other. For example, if  467 
 Δxi *Δxj +Δyi *Δyj +Δzi *Δzj =0 (4) 468 
then both the two line segments are perpendicular to each other. Otherwise, Line i and Line j are not 469 
perpendicular. 470 
 471 
Considering the effect of experimental errors and measurement errors, Eq. (4) can be replaced with 472 
 |Δxi *Δxj +Δyi *Δyj +Δzi *Δzj |≤0.05 (5) 473 

 474 
Therefore, the Vertex-based Determining Model for the first situation can be described as follows: 475 
[1] To sort all vertex groups based on their aggregation degree, from the largest to the smallest; 476 
[2] To select one vertex group with aggregation degree ≥3 (e.g., vertex group A in Fig. 7a); 477 
[3] To select three line segments containing the vertex group (e.g., L1, L2, and L3 in Fig. 7a); and 478 
[4] To judge whether the selected three line segments are perpendicular to each other using Eq. (5). 479 

If they are perpendicular to each other, the lifting object is located. Otherwise, return to step [3]. 480 
If all line segments are judged to be containing the selected vertex group, then return to step [2]. 481 
If all vertex groups with aggregation degree ≥3 are searched but the lifting object is not located, 482 
then return to the Canny detection with an adjusted threshold. 483 
 484 

  
(a) Model I (b) Model II 

Fig. 7. Geometric interpretation of Vertex-based Determining Model 485 
 486 



 

Model Ⅱ 487 
For the second situation, search the three line segments intersecting at two different vertices means 488 
searching a line segment with both endpoints substituted with merged vertex groups, while three 489 
line segments intersecting vertically can also be judged by using the spatial direction vectors of the 490 
selected line segments. Therefore, the Vertex-based Determining Model for the second situation is 491 
described as follows: 492 
[1] To select a line segment with both endpoints substituted with merged vertex groups (e.g., L1 493 

containing vertex group A and B in Fig. 7b); 494 
[2] To select a line segment (e.g., L2 in Fig. 7b) containing one vertex group (e.g., A in Fig. 7b) 495 

and perpendicular to L1, and mark the selected line segment. Otherwise, return to step [1]; 496 
[3] To select a line segment (e.g., L4 in Fig. 7b) containing the other vertex group (e.g., B in Fig. 497 

7b) and perpendicular to L1, and mark the selected line segment. Otherwise, return to step [1]; 498 
and 499 

[4] To judge whether the two selected line segments in steps [2] and [3] are perpendicular to each 500 
other. If so, the lifting object is located. Otherwise, return to step [3]. If all line segments 501 
containing vertex group B are searched, return to step [2]; if all line segments containing vertex 502 
group A are searched, return to step [1]. If all line segments satisfying the requirement are 503 
searched but the lifting object is not located, then return to the Canny detection with an adjusted 504 
threshold. 505 
 506 

4.3 Feature extraction 507 
Based on the three extracted line segments, the centroid coordinates of a lifting object, as the original 508 
spatial position for hoisting, can be calculated according to the triangular rule. Apart from the 3D 509 
spatial location, the other visible features, including size and color, are necessary for the recognition 510 
of the lifting object. Its size (e.g., length, width, and height) can be determined as well, while for its 511 
color, white balance correction is used to eliminate the effect of light on color extraction. 512 
 513 
4.3.1 Centroid coordinate calculation 514 
The exact spatial coordinates of the lifting objects are necessary for the selection of crane type and 515 
lifting path planning. Assuming that a lifting object is a cuboid with homogeneous density, its 516 
centroid coordinates can be used to represent its spatial location. The centroid coordinates can be 517 
determined by calculating the spatial direction vector of the line segments extracted by the Vertex-518 
based Determining Model I or II.  519 
 520 
Model I-based centroid coordinate calculation 521 
Line segments L1, L2, and L3, with mutual vertex A are from the Vertex-based Determining Model 522 
I (see Fig. 7a). Based on the spatial coordinates of vertex A and the other three endpoints, the three 523 

spatial direction vectors starting from vertex A, i.e. 
𝐿𝐿1
→，

𝐿𝐿2
→ and 

𝐿𝐿3
→, can be determined (see Fig. 524 

8a). According to the triangular rule of the spatial direction vector, 
𝐿𝐿1
→，

𝐿𝐿2
→ and 

𝐿𝐿3
→ are moved end 525 

to end (see Fig. 8b), then 
𝐿𝐿1
→ +

𝐿𝐿2
→ +

𝐿𝐿3
→=

𝐴𝐴𝐴𝐴
→. Assuming that Point O is the origin of the Camera 526 

Coordinate System, Point P is the centroid of the lifting object as well as the midpoint of line 527 



 

segment 𝐿𝐿𝐴𝐴𝐴𝐴, and 528 

 
𝑂𝑂𝑇𝑇
�� =

𝑂𝑂𝑂𝑂
�� +

𝑂𝑂𝑇𝑇
�� =

𝑂𝑂𝑂𝑂
�� + 1

2
∗
𝑂𝑂𝐴𝐴
��=

𝑂𝑂𝑂𝑂
�� + 1

2
∗ (

𝐿𝐿1
→+

𝐿𝐿2
→ +

𝐿𝐿3
→) (6) 529 

 530 

Since Point O is the origin, 
𝑂𝑂𝑂𝑂
�� represents the spatial coordinates of Point A. Therefore, 

𝑂𝑂𝑇𝑇
�� not 531 

only denotes the spatial coordinates of Point P, but also the desired centroid coordinates. 532 
   533 

  
(a) Before vector translation (b) After vector translation 

Fig. 8. Calculation of Model I-based centroid coordinates  534 
 535 

Model II-based centroid coordinate calculation 536 
Line segments L1, L2, and L4 with mutual vertices A and B are from Vertex-based Determining 537 
Model II (see Fig. 7b). Based on the spatial coordinates of vertex A and the other two endpoints, the 538 

two spatial direction vectors from vertex A, i.e. 
𝐿𝐿1
→  and 

𝐿𝐿2
→ , can be determined (see Fig. 9a). 539 

Similarly, the spatial direction vector 
𝐿𝐿4
→ from vertex B can be found as well (see Fig. 9a). Then, 540 

𝐿𝐿2
→ and 

𝐿𝐿4
→ are moved end to end (see Fig. 9b), 

𝐿𝐿1
→ +

𝐿𝐿2
→ +

𝐿𝐿4
→=

𝑂𝑂𝐴𝐴
��. Assuming that Point O is the origin 541 

of the Camera Coordinate System, Point P is the centroid of the lifting object as well as the midpoint 542 

of line segment 𝐿𝐿𝑂𝑂𝐴𝐴, then 
𝑂𝑂𝑇𝑇
�� can be determined using Eq. (6) as the desired centroid coordinates. 543 

 544 

  
(a) Before vector translation (b) After vector translation 

Fig. 9. Calculation Model II-based centroid coordinates  545 
 546 

4.3.2 Size calculation 547 
The three line segments from the two Vertex-based Determining Models represent the exact size of 548 
the lifting object in terms of its length, width, and height respectively. According to the definition 549 
of length, width, and height in a cuboid, the length is the longer edge on the biggest surface, the 550 
width is the shorter edge, and height is the remaining (shortest) edge. The three extracted line 551 
segments are then ordered by their length (i.e. the Euclidean distance E of the line segment, see 552 
Table 4) to match the length, width, and height respectively of the lifting object. 553 



 

 554 
4.3.3 Color extraction 555 
The RGB color space is commonly used to represent all colors by mixing red, green, and blue light 556 
in different proportions, but making it difficult to distinguish tone, brightness, and saturation. Due 557 
to the different light sources involved of weather, shooting time, etc., the color of the lifting objects 558 
in the images taken on site may be quite different from that of the images stored in the prebuilt 559 
database; this leads to a less accurate color extraction. For example, images taken under fluorescent 560 
light conditions tend to be greenish, while those taken under tungsten light conditions tend to be 561 
yellow. Therefore, the effect of light on color should be eliminated as much as possible before color 562 
extraction. White balance is one of the commonly used color correction methods in photography, 563 
adjusting and balancing the proportion of red, green, and blue light to restore the white color as well 564 
as other colors. The gray world algorithm is used here to calculate the average gray value W of an 565 
image, with 566 

W = ∑ (𝑅𝑅𝑠𝑠+𝐺𝐺𝑠𝑠+𝐵𝐵𝑠𝑠)𝑁𝑁
1

3∗𝑇𝑇
                               (7) 567 

where N is the resolution of the original image; and 𝑅𝑅𝑠𝑠，𝐺𝐺𝑠𝑠， and 𝐵𝐵𝑠𝑠 respectively represent the red, 568 
green, and blue values of Pixel s.  569 
 570 

Then the gains of the three channels (R, G, and B) can be calculated using 571 

𝑊𝑊𝑅𝑅 = 𝑊𝑊∗𝑇𝑇
∑ 𝑅𝑅𝑠𝑠𝑁𝑁
1

                                  (8) 572 

𝑊𝑊𝐺𝐺 = 𝑊𝑊∗𝑇𝑇
∑ 𝐺𝐺𝑠𝑠𝑁𝑁
1

                                  (9) 573 

𝑊𝑊𝐵𝐵 = 𝑊𝑊∗𝑇𝑇
∑ 𝐵𝐵𝑠𝑠𝑁𝑁
1

                                 (10) 574 

 575 
Therefore, Pixel s after white balance correction can be represented as 576 

𝑅𝑅𝑠𝑠,𝑤𝑤ℎ𝑖𝑖𝑖𝑖𝑖𝑖 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑖𝑖 = 𝑅𝑅𝑠𝑠 ∗𝑊𝑊𝑅𝑅                         (11) 577 
𝐺𝐺𝑠𝑠,𝑤𝑤ℎ𝑖𝑖𝑖𝑖𝑖𝑖 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑖𝑖 = 𝐺𝐺𝑠𝑠 ∗𝑊𝑊𝐺𝐺                         (12) 578 
𝐵𝐵𝑠𝑠,𝑤𝑤ℎ𝑖𝑖𝑖𝑖𝑖𝑖 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑖𝑖 = 𝐵𝐵𝑠𝑠 ∗ 𝑊𝑊𝐵𝐵                         (13) 579 

 580 
Although the surface color of common lifting objects is uniform, due to the uneven color caused by 581 
light and shadow, the sample method also has a significant effect on color extraction results. 582 
Considering the counters of lifting objects (i.e., cuboid) are convex polygons, the line segment 583 
between any two vertices is inside or on the edge of the polygon, and the RGB color of the lifting 584 
objects can be sampled as 585 

𝑅𝑅𝑠𝑠𝑏𝑏𝑠𝑠𝑠𝑠𝑏𝑏𝑖𝑖 = 1
𝑏𝑏∗∑ 𝑅𝑅𝑘𝑘𝑛𝑛

1
                                  (14) 586 

𝐺𝐺𝑠𝑠𝑏𝑏𝑠𝑠𝑠𝑠𝑏𝑏𝑖𝑖 = 1
𝑏𝑏∗∑ 𝐺𝐺𝑘𝑘𝑛𝑛

1
                             (15) 587 

𝐵𝐵𝑠𝑠𝑏𝑏𝑠𝑠𝑠𝑠𝑏𝑏𝑖𝑖 = 1
𝑏𝑏∗∑ 𝐵𝐵𝑘𝑘𝑛𝑛

1
                             (16) 588 

Where n represents the number of the sampled pixels; 𝑅𝑅𝑘𝑘, 𝐺𝐺𝑘𝑘, and 𝐵𝐵𝑘𝑘 respectively represents the 589 



 

R, G and B color of 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑘𝑘. 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑘𝑘 is the linear interpolation between two randomly-selected 590 
vertices 𝑉𝑉𝑃𝑃𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑖𝑖  and 𝑉𝑉𝑃𝑃𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑗𝑗 , therefore 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑘𝑘 = (1 − P) ∗ 𝑉𝑉𝑃𝑃𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑖𝑖 + 𝑃𝑃 ∗ 𝑉𝑉𝑃𝑃𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑗𝑗 , 𝑃𝑃 ∈591 
[0,1]. 592 

 593 
4.4 Database retrieval 594 
Except for the visible features of lifting objects extracted above (e.g., classification, centroid 595 
coordinate, size, and color), other invisible features cannot be collected directly from the images, 596 
but they can be retrieved from the IFC format of BIM. For instance, the target position of a lifting 597 
object may be directly obtained from IFC data, while its weight is calculated based on its volume 598 
and density in the IFC data. To do so efficiently, the IFC data are parsed according to the four basic 599 
data types, i.e. Primitive type, Enumeration type, Entity type, and Select type of EXPRESS, which 600 
are modeling language. The parsed IFC data are temporarily stored in Java objects through the open-601 
source parsing engine provided by buildingSMART and then mapped to a MySQL relational 602 
database containing the tables for lifting objects through Hibernate, an open source object-relational 603 
mapping framework[75]. However, if a construction project does not have a BIM model or a lifting 604 
object is not modeled, only visible features about the target object can be determined, while other 605 
invisible features such as GlobalID and weight cannot be obtained. 606 
 607 
Fig. 10 represents the general structure of a component table in the established relational database. 608 
“GlobalID” is the primary key that is used for the unique identification of each object in this table. 609 
Besides, it includes the other attributes such as “Color”, “Size”, “Weight”, “Location”, “Density”, 610 
“Volume”, etc., which are transferred from IFC model. It should be noted that the 611 
“Original_Location” of all components in the database is initialized to “(0,0,0)” and will be updated 612 
according to the extracted centroid coordinates. The complete database retrieval process is presented 613 
as follows. Based on the features extracted in Section 4.3, query is used for searching the lifting 614 
component in the database with attributes including “GlobalID”, “Weight”, and “Target_Location”, 615 
while update is used for renewing the corresponding “Original_Location” by referring to the query 616 
results (i.e. “GlobalID”). In consideration of the unavoidable precision error caused by the sensors, 617 
the tolerance for length, width, and height is set at 0.05 m, and that for color (R, G, and B) is 20. 618 
 619 

 

 



 

Fig. 10. Structure of a component table in the established relational database 620 
 621 

5. Experiment test 622 

In order to validate the feasibility of the proposed approach, a field experiment, which takes precast 623 
components as an example, was designed. Two kinds of precast concrete components with five 624 
different sizes, including Slab 1 (0.80m,0.40m,0.25m), Slab 2 (0.90m,0.40m,0.25m), Column 1 625 
(0.60m,0.35m,0.35m), Column 2 (0.85m,0.40m,0.40m), and Column 3 (1.00m,0.50m,0.50m), were 626 
selected, and the main aim was to recognize the target Slab 1 from these components. Meanwhile, 627 
the experiment took into consideration the occluded construction scenarios such as the components 628 
placed beside or on top of each other, so as to validate the robustness of the proposed approach in 629 
solving occlusion problem caused by background and other components. Based on the PTS file 630 
generated by stereo cameras (see Table 5), the 2D image on construction site was retrieved (see Fig. 631 
11a). There were two kinds of concrete components (i.e. “Column” and “Slab”) in the retrieved 2D 632 
image, which were detected with the bounding boxes by the trained Faster R-CNN model (see Fig. 633 
11b). However, according to Fig. 12, the trained model can only carry out the simple classification 634 
of recognition objects (e.g. “Column” and “Slab”), being unable to further recognize a certain type 635 
of objects (such as slabs of different sizes). This is because the pixel size was adjusted in the process 636 
of image convolution training, resulting in the loss of size information.  637 

Table 5. Part of the generated PTS file 638 
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(a) The retrieved 2D image (b) The detection result of Faster 

R-CNN on the retrieved 2D image 
(c) The selected foreground 

detection result 
Fig. 11. Image collection and preprocessing 640 

 641 



 

 
Fig. 12. The detection result of Faster R-CNN for the different components 

 642 
Considering the target component was a slab, the bounding box with label “Slab” was selected as 643 
the foreground detection result (see Fig. 11c) for further processing. It can be seen that the target 644 
slab was partly occluded by a column component. Based on the detection result, the edge contour 645 
of the target component was then extracted by the improved Canny (see Fig. 13a), and seven line 646 
segments (see Fig. 13b) and three vertex groups (see Fig. 13c) extracted through Hough 647 
transformation and Endpoint Clustering Analysis. Finally, to uniquely locate the target slab in 3D 648 
space, three specified line segments satisfying the proposed Vertex-based Determining Model were 649 
identified, comprising Lines 3, 5, and 7 (see Fig. 13d).  650 
 651 

  
(a) Result of improved Canny detection (b) Result of Hough transformation 

  
(c) Result of Endpoint Clustering Analysis (d) Result of Vertex-based Determining Model 

Fig. 13. Results of image processing 652 
 653 
Based on the 3D information of the three extracted line segments - 3, 5 and 7 (see Table 6), the 654 
centroid coordinates of the lifting object were calculated as (0.466, -0.261, 2.157) according to Eq. 655 
(6), thus the distance between the centroid and the origin of the Camera Coordinate System was 656 
2.22m. As for the pose of the target component in 3D space, the angle between its normal vector of 657 



 

the largest plane (i.e. length-width plane) and Plane XoY was 41.7º, that between the normal vector 658 
and Plane YoZ was 26.2º, and that between the normal vector and Plane XoZ was 36.9º. Thus the 659 
location of the target slab was determined. In terms of the other features, the sizes (length, width, 660 
height) were estimated as (0.82m, 0.44m, 0.26m), and the sampled colors (B, G, R) were (135, 661 
124,121). As shown in Table 7, based on these extracted features, query was used for searching the 662 
lifting component in the database with the attributes - “GlobalID”, “Weight”, and “Target_Location”, 663 
while update was used for renewing the corresponding “Original_Location” as (0.466, -0.261, 2.157) 664 
by referring to the “GlobalID” -0yrQFJS7b9auGYqnNNxxN3. 665 
 666 

Table 6. The 3D information of the extracted line segments 667 
Line x y z u v 

Line 3 

Point 1 0.135 -0.392 2.428 60 15 
Point 2 0.852 -0.180 2.097 284 77 

Δ 0.717 0.212 0.331 - - 
E 0.818   

Line 5 

Point 1 0.852 -0.180 2.097 284 77 
Point 2 0.681 -0.287 1.711 229 133 

Δ 0.171 0.107 0.386 - - 
E 0.437   

Line 7 

Point 1 0.797 -0.129 1.886 209 211 
Point 2 0.681 -0.287 1.711 229 133 

Δ 0.116 0.158 0.175 - - 
E 0.263 - - 

 668 
Table 7. Query and update of the target component 669 

Extracted 
features 

Centroid coordinate (x,y,z): (0.466,-0.261,2.157) 
Sizes (length,width,height): (0.82,0.44,0.26) 
Colors (B,G,R): (135,124,121) 

Query 
 

SELECT GlobalID, Weight, Target_Location 
FROM t_slab table   
WHERE Length between 0.77 and 0.87  
and Width between 0.39 and 0.49  
and Height between 0.21 and 0.31 
and B between 115 and 155 
and G between 104 and 144 
and R between 101 and 141 

Result 1 
GlobaID: 0yrQFJS7b9auGYqnNNxxN3; 
Weight: 0.192; 
Target_Location:(5.0,2.0,6.0) 

Update 
Update t_slab  
SET Original_Location='(0.466,-0.261,2.157)'  
WHERE GlobalID=0yrQFJS7b9auGYqnNNxxN3 

Result 2 
Rows matched: 1; 
Rows changed: 1 



 

 670 
In order to verify the feasibility and accuracy of the proposed approach, Table 8 summarizes five 671 
more groups of experiment results, including time, centroid coordinate, sizes and colors. It can be 672 
found that the error in each size is satisfied with the preset accuracy threshold 0.06m[26], and the 673 
error in each color is satisfied with the preset color accuracy 20. Besides, it shows the computing 674 
time taken for each stage (i.e., image processing, feature extraction and database retrieval) per target 675 
object with an average total time 660.4ms, not only faster than the previous image addressing time 676 
1.07s[76], but also easily fulfilling the real-time requirement[59]. Note that computing time was 677 
measured on a 32G memory, ubuntu16 64-bit, Tesla p4GPU. Therefore, the above experiment 678 
results validate the real-time, accuracy and robustness of the proposed recognition approach.  679 

 680 
Table 8. Five groups of experiments results 681 

Experiment 1 2 3 4 5 

Time 
(ms) 

Image 
Processing 

124 213 192 234 169 

Feature 
extraction 

434 282 611 502 536 

Database 
retrieval 

1 1 1 1 1 

Total time 559 496 804 737 706 
Centroid 

coordinates 
(x,y,z) 

Measured 
(-

0.651,0.17
7,2.002) 

(0.064,0.39
9,1.626) 

(0.007,0.32
9,0.599) 

(0.391,0.21
1,1.154) 

(0.221,0.07
7,1.339) 

Sizes 
(length, 
width, 
height) 

Actual 
(0.90,0.40,

0.25) 
(0.90,0.40,

0.25) 
(0.90,0.40,

0.25) 
(0.85,0.40,

0.40) 
(0.90,0.40,

0.25) 

Measured 
(0.92,0.44,

0.25) 
(0.95,0.40,

0.26) 
(0.95,0.39,

0.29) 
(0.83,0.42,

0.40) 
(0.90,0.42,

0.28) 

Colors 
(B,G,R) 

Actual 
(104,109,1

05) 
(75,79,80) 

(108,111,1
16) 

(108,105,1
10) 

(159,150,1
55) 

Measured 
(110,108,1

14) 
(70,76,83) 

(107,106,1
09) 

(107,104,9
8) 

(165,161, 
156) 

 682 
6. Conclusion 683 
According to the definition of object recognition for construction cranes and review of relevant 684 
research, four vital issues for the onsite object recognition are summarized as the following: the 685 
effect of background and the occlusion of other objects, the unknown pose and quantity of lifting 686 
objects, the effect of light on texture extraction, and the invisible attributes (features) of lifting 687 
objects. To address the above issues, an image-based automated onsite precast component 688 
recognition approach for the lifting operation of automatic cranes is developed, involving Faster R-689 
CNN-based object detection, Canny detection, Hough transformation, Endpoint Clustering Analysis, 690 
Vertex-based Determining Model, feature extraction and database retrieval. Faster R-CNN is used 691 
to segment the target object by bounding box from the occluded background, with a rough 692 
classification of different objects in the retrieved image, the number of bounding boxes representing 693 
the quantity of lifting objects. To address the occlusion of other objects in the segmented bounding 694 



 

box of the target object, improved Canny and Hough are combined to extract the key line segments 695 
and endpoints of the target object. Then a Vertex-based Determining Model is proposed to determine 696 
the pose of the target object and solve the part occlusion situation. Based on the above, our approach 697 
further extracts the visible features (including classification, size, and color) to retrieve the target 698 
object in the database for other invisible features. Finally, a field experiment is designed to verify 699 
the feasibility and efficiency of the proposed approach. It is shown from the experiment that 1) the 700 
lifting component is efficiently detected with a bounding box from the complicated background on 701 
the 2D image by Faster R-CNN, which is trained and validated with an accuracy of 99.2%; 2) the 702 
necessary vertex groups of the lifting object can be obtained using Canny detection, Hough 703 
transformation, and Endpoint Clustering Analysis; 3) the lifting cuboid object can be uniquely 704 
located in 3D space with exact pose estimation by checking whether the extracted vertex groups 705 
satisfy any of the two proposed Vertex-based Determining Models; and 4) the three vital visible 706 
features of the lifting object of centroid coordinates, size, and color can also be extracted. Thus, the 707 
proposed approach is feasible and valid, and will contribute to the development of the future 708 
automatic operation of cranes on construction sites.  709 
 710 
The limitations of this research are also summarized as follows. First, as only cuboid component 711 
images are contained in the training dataset of Faster R-CNN, it is not yet applicable to the 712 
recognition of other kinds of components. Therefore, the images of different shapes of components 713 
need to be collected to make the recognition model more generally applicable in the future. Second, 714 
only the Vertex-based Determining Model for cuboid objects is proposed, and it also needs to be 715 
expanded to be suitable for other shapes especially for irregular shapes in the future. Third, although 716 
the effect of light on the whole image can be reduced by white balance correction, the shadow of 717 
the lifting component affects the accuracy of color extraction due to the pixels being randomly 718 
sampled in the component surface. Color extraction is also only applicable to lifting objects with a 719 
solid color. Besides, as this research aims to provide front input information about the lifting object 720 
for crane hoisting, other factors such as a crane or a hook are not considered. All of these aspects 721 
need to be considered in the future research. 722 
 723 
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