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Abstract: Recognizing construction assets (e.g., materials, equipment, labor) from point cloud data of construction environments provides
essential information for engineering and management applications including progress monitoring, safety management, supply-chain man-
agement, and quality control. This study introduces a novel principal axes descriptor (PAD) for construction-equipment classification from
point cloud data. Scattered as-is point clouds are first processed with downsampling, segmentation, and clustering steps to obtain individual
instances of construction equipment. A geometric descriptor consisting of dimensional variation, occupancy distribution, shape profile, and
plane counting features is then calculated to encode three-dimensional (3D) characteristics of each equipment category. Using the derived
features, machine learning methods such as k-nearest neighbors and support vector machine are employed to determine class membership
among major construction-equipment categories such as backhoe loader, bulldozer, dump truck, excavator, and front loader. Construction-
equipment classification with the proposed PAD was validated using computer-aided design (CAD)–generated point clouds as training data
and laser-scanned point clouds from an equipment yard as testing data. The recognition performance was further evaluated using point clouds
from a construction site as well as a pose variation data set. PAD was shown to achieve a higher recall rate and lower computation time
compared to competing 3D descriptors. The results indicate that the proposed descriptor is a viable solution for construction-equipment
classification from point cloud data. DOI: 10.1061/(ASCE)CP.1943-5487.0000628. © 2016 American Society of Civil Engineers.
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Introduction

In past decades, construction practices and research have been
actively embracing emerging technologies to improve project
performance in productivity, quality, and safety. The technical cat-
egories that have been extensively studied and tested in the con-
struction industry include data sensing, simulation, information
modeling, and visualization. From these categories, as-built data
sensing and visualization are considered by many industry practi-
tioners and academia experts as some of the most promising tech-
nologies that will greatly expand the utilization of site information
(Tang et al. 2010a; Bosché 2010). For instance, three-dimensional
(3D) point clouds produced by laser scanners and other data acquis-
ition technologies such as photogrammetry have been widely used
for acquiring and generating as-built site information to support
applications such as construction quality assessment and control
(Bu and Zhang 2008; Ahmed et al. 2012), construction progress
tracking (Golparvar-Fard et al. 2009; Turkan et al. 2012), building

energy analysis (Wang et al. 2015a; Ham and Golparvar-Fard
2013), construction hazard recognition (Fekete et al. 2010; Wang
et al. 2015b), structural health monitoring (Huber 2014), and
highway asset management (Gong et al. 2012; Pu et al. 2011). Each
application has a different focus of target objects (e.g., building
components, materials, equipment, labors, and traffic signs) on
the as-built point clouds. Thus, it is important to recognize the
objects of interest from the large and complex point cloud. This
process, however, is very challenging in unstructured construction
environments.

Regardless of the application, recognizing objects from point
clouds is often a key step for post-data processing and analyses.
Although object classification is a well-studied problem in the field
of computer vision, classifying objects from point clouds of uncon-
trolled environments such as construction sites remains a challeng-
ing and unsolved task. Many previous algorithms for object
classification were validated based on complete scans of small
objects (e.g., fruit, household objects) obtained in controlled labo-
ratory settings (Marton et al. 2010b; Rusu et al. 2010; Wohlkinger
and Vincze 2011). In uncontrolled settings with the presence of
occlusion and other objects that share similar features with the
target object, many state-of-the-art recognition algorithms fail to
maintain a good recognition rate (Wohlkinger and Vincze 2011).
These problems become even more serious when acquiring
as-built 3D data from construction sites where the presence of
huge building structures and a large amount of equipment and
materials introduce potential occlusions to the point cloud ac-
quired regardless of what technology is used. As construction
projects become larger and more complex, obtaining complete
3D data becomes even more difficult (Kim et al. 2013). In addi-
tion, similarities among different types of construction assets,
especially equipment (e.g., bulldozer versus loader), present a
formidable challenge to classification algorithms that aim to dis-
tinguish between them.
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This study proposes the novel principal axes descriptor (PAD)
for construction-equipment classification from point cloud data.
The approach proposed in this research can be used to recognize
various construction assets with complex shapes (e.g., materials,
temporary structures, equipment). To demonstrate the methodology
and performance of the recognition method, this study choses
construction equipment as the initial target objects because auto-
matically describing and distinguishing each equipment class is
technically challenging due to their complexity and similarity in
shape. This paper starts with a thorough literature review on as-built
data acquisition, postprocessing, and classification, followed by a
detailed description of the methodology applied in the proposed
approach. The validation of the proposed approach on three test
data sets is introduced, and the limitations and future work on the
developed method are discussed.

Literature Review

Construction asset recognition and classification include multiple
steps that involve techniques in digital data acquisition, feature
description, and machine learning. This section will review the state
of the art in these relevant fields of study.

As-Built Data Acquisition in Construction

Three-dimensional as-built data provide additional information
and flexibility for visualization, as-built modeling, and other appli-
cations that heavily depend on spatial data. The most popular tech-
nologies for obtaining as-built 3D data on construction sites are 3D
range imaging camera, photogrammetry, and laser scanning. This
section will briefly review the characteristics of these three technol-
ogies and their applications in construction environments.

Based on different techniques such as stereo triangulation, struc-
tured light, and time of flight, a 3D range imaging camera produces
a range image with pixel values representing the intensity and
range. Although the 3D range imaging camera has been widely
applied in the fields of virtual reality and gaming, very few inves-
tigations of its benefits in construction have been undertaken. Such
research focused on range data processing for real-time site spatial
modeling (Gong and Caldas 2008). Compared to laser scanners, 3D
range imaging cameras are more portable and less expensive, but
they operate in a much closer range and do not provide reliable
range images when direct sunlight is present, which makes it difficult
to apply on large construction sites (Park et al. 2012; Remondino and
Stoppa 2013).

Photogrammetry is an image-based technology that reconstructs
3D objects from two-dimensional (2D) photographs. This technol-
ogy extracts 2D input data from photographs and maps them onto a
3D space. Because constructing a 3D model only requires taking
images from different angles, using photogrammetry for 3D data
acquisition is flexible, cost-effective, and noninvasive to the survey
objects. In the field of construction engineering, photogrammetry
has been applied to acquiring as-is geometry data for building
component modeling (Dai and Lu 2010), construction progress
monitoring and control (El-Omari and Moselhi 2008), and construc-
tion documentation especially for historical structures (Yastikli
2007). However, several limitations hinder the wide adoption of
photogrammetry in construction engineering. First, photography is
sensitive to lighting and weather conditions, which makes it difficult
to perform reliable analysis (Cho and Gai 2014; Cho et al. 2012).
Second, it will not work for the scenes that have no distinctive fea-
tures such as simple plane walls (Wang et al. 2015a). Furthermore,
it involves longer processing times and obtains data with reduced
accuracy compared to laser scanning (Dai et al. 2012).

Laser scanning is a nondestructive technology that can rapidly
and accurately capture the shape of physical objects based on time
of flight or phase-shift principle. A scanned object or scene is
represented by a dense point cloud comprised of millions of points,
each of which contains position (XYZ), color (red/green/blue), and/
or intensity data. This technology, therefore, is suitable for a wide
range of measurement at high resolution. Compared to photogram-
metry, laser scanning is far less sensitive to light conditions and
usually generates a more accurate and dense point cloud of the
scanned objects in a large scene (Cho and Gai 2014; Wang and
Cho 2015). However, it suffers from high equipment cost, size,
and extended time required for data collection compared with
3D range imaging camera and photogrammetry. Due to the frequent
presence of occlusion on a construction site, obtaining a full scan of
the desired objects or scene requires multiple scans from different
locations.

While understanding the positive and negative aspects of
each data acquisition technology in a construction environment
is important for real-time applications, it is also vital to consider the
difficulties of data processing and extracting useful semantic
information out of as-built data, regardless of the data acquisition
methods.

Object Recognition from a Point Cloud

The typical pipeline of point cloud processing for object recogni-
tion consists of the following steps. First, shape descriptors are
computed for each object instance or class to be recognized and
stored in an offline database. Second, point cloud data from a proc-
essed scene is segmented into candidate object instances and query
descriptors are computed for each object instance. Finally, objects
from the model database with high descriptor similarity are aligned
with the objects recognized in the point cloud to produce a match
(Tang et al. 2010b). A major disadvantage of instance-based object
recognition is that it is not as applicable and effective when signifi-
cant shape variance exists among objects (Tang et al. 2010b). The
most common approach in class-based object recognition is to
use global shape descriptors, which are less discriminative than
semilocal descriptors but better adapted to shape variance.
However, a major challenge is that this approach cannot handle
a partial or incomplete point cloud caused by occlusion or clutter
(Ruiz-Correa et al. 2006). To resolve this problem, one solution
is to use descriptors that are more robust to shape changes
(Ruiz-Correa et al. 2006).

Mobile Construction Assets Recognition

In addition to obtaining as-built condition of building components,
point clouds can be used to recognize mobile construction assets
such as workers and equipment. Cho and Gai (2014) proposed a
projection-recognition-projection (PRP) method to automatically
recognize construction equipment from a point cloud and fitting
and matching a complete 3D model to the corresponding point
cloud in near-real time. The 3D point cloud is projected to a 2D
space where the geometric features represented by a local speeded
up robust features (SURF) descriptor are compared to a prepared
template database for recognition. This method is very effective and
efficient for recognizing target objects that are known to be present
on the construction site. For unknown objects with high shape vari-
ance, however, the performance of this method is limited.

State-of-the-Art Geometric Descriptors

A different approach to object recognition in the 3D domain is to
compute point features directly from the point cloud and store
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feature values in a vector representation known as a descriptor. This
study will focus on global 3D descriptors because they are better
suited for class-based recognition compared with local 3D descrip-
tors, which are better suited for instance-based recognition. The
following sections discuss three different global descriptors used in
recent research representing different approaches to feature calcula-
tion, namely, normal-based, radius-based, and shape distributions.

Viewpoint Feature Histogram Descriptor
An example of a local point descriptor is the point feature histo-
gram (Rusu 2009), where normal vectors are computed around the
neighborhood of a selected key point and the differences between
normal vectors are binned into a histogram. The resulting histo-
gram provides a high-dimensional representation of the surface
variation around the key point. For the case where a point cloud
cluster representing a complete object is available, the method
can be extended to a global shape descriptor. Rusu et al. (2010)
proposed a viewpoint feature histogram (VFH), which consists of
a viewpoint component and an extended fast-point feature histo-
gram component computed at the object’s centroid. The descriptor
was designed for identification and pose estimation of kitchenware
objects from stereo camera–generated point clouds. The descriptor
performed well in object recognition tasks despite noisy sensor data
and subtle variation in object geometry, but is not invariant to
viewpoint.

Global Radius-Based Surface Descriptor
Surface categorization based on curvature is another useful tool in
3D object classification. The radius-based surface descriptor (RSD)
stores the minimum and maximum radii of curvature around the
local neighborhood of a point (Marton et al. 2010a). This informa-
tion can be used to categorize surfaces into planes, cylinders, edges,
rims, and spheres. Similiar to the VFH case, a global descriptor can
be derived from this local descriptor using the same features. The
global radius-based surface descriptor (GRSD) first computes a
local surface categorization from RSD for each point and deter-
mines the global descriptor values by constructing a histogram
of relationships between local surface labels. GRSD is shown to
achieve good classication result when used together with visual fea-
tures in a two layer classification scheme (Marton et al. 2010b).

Ensemble of Shape Functions Descriptor
The concept of shape distribution was introduced by Osada et al.
(2001) to describe the geometric signature of an object. Shape dis-
tributions are sampled from multiple shape functions that measure
global geometric properties of an object. The distance between two
randomly chosen points (D2), for instance, is a robust shape func-
tion for distinguishing different object classes. The performance of
this method can be compromised when the number of classes to be
recognized increases or only a partial view of the object is available
in the point cloud. Wohlkinger and Vincze (2011) proposed a ro-
bust global shape descriptor called the ensemble of shape function
(ESF) for recognizing a variety of object classes (e.g., mugs, fruits,
cars) from point clouds. This descriptor specifically addresses the
challenge of using partial views in incomplete point clouds for ob-
ject recognition through construction of three distinct shape func-
tions describing distance, angle, and area distributions. Each shape
distribution is represented by an ESF histogram that can be used to
efficiently retrieve the k-closest matches from a predefined class
database using the k-nearest neighbor algorithm (k-NN). Although
the ESF descriptor shows fairly good recognition rates for small-
scale objects such as apples (98.45%) and mugs (99.46%), it shows
limited capability in recognizing large objects such as cars
(43.64%).

Machine Learning Techniques in Object Classification

In addition to a robust description of objects, another critical com-
ponent in object recognition is training a classification algorithm.
Typically, the training process consists of the following four steps:
(1) gather a training set that consists of a number of point clouds
of the object classes that need to be recognized and label the point
clouds with desired classifications; (2) determine a descriptor to
represent the objects in the training set; (3) select the structure
of the learned function and corresponding learning algorithm
[e.g., support vector machine (SVM), k-nearest neighbor, decision
tree]; and (4) determine training parameters and run the learning
algorithm on the gathered training set. Thus, a new input point
cloud can be recognized by mapping its descriptor with the func-
tion inferred by the previously labeled training data. Similar to
other applications adopting supervised learning, the availability
and collection of training data is a bottleneck due to the lack of a
centralized repository for point clouds. This problem can be addressed
by using synthetic point clouds generated from 3D computer-aided
design (CAD) models (Wohlkinger and Vincze 2011).

Methodology

Framework

To improve on existing techniques for object recognition in point
clouds, this study introduces a novel 3D descriptor, PAD, for
construction-equipment recognition from scattered as-is point
clouds. Fig. 1 shows the processing pipeline for the proposed con-
struction-equipment recognition approach using PAD. The left
column represents the training stage where synthetic point clouds
were generated from CADmodels to create a training database. The
right column, which represents the application of the method to an
actual laser-scanned point cloud, is in turn divided into a point
cloud preprocessing stage and a classification stage. The point
cloud preprocessing stage is concerned with segmentation and

Fig. 1. Flowchart for object recognition
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clustering, which enables the separation of targeted assets in the
foreground from background points. The classification stage is
concerned with computing 3D descriptors for each construction-
equipment instance and classifying them into predefined categories
such as excavator and loader based on the derived descriptor. The
two stages are further discussed in detail in the following sections.

Point Cloud Segmentation and Clustering from Laser
Scans

Laser-scanned point clouds from construction sites often consist of
millions of points, which renders the data processing step computa-
tionally demanding. Thus, a voxel grid representation is used to
store point cloud data in a condensed form in order to achieve ef-
ficient segmentation and clustering. Next, a segmentation technique
is employed to filter out background points so that foreground
points containing the targeted objects can be properly identified.
Ground segmentation is especially pertinent because ground points
usually make up a majority of the background points in an outdoor
scene. The technique used in this study is an iterative ground ero-
sion technique as illustrated in Fig. 2. The ground points, shown as
dots, can either be flat, recessed, or protruded, as is typical on a
construction site. To overcome the global nonuniformity in ground
points, the scene is first divided into local regions, shown as vertical
dashed lines. For each local region, the minimum z-coordinate of
all the points in the region is identified and the corresponding point
is filtered out (shown as crosses). This process is repeated over
several iterations until the ground points are gradually eroded
away. Finally, with the ground points filtered out, the Euclidean
distance metric (Rusu 2009) can be used to incrementally

combine neighboring points into point cloud clusters for each
construction-equipment instance present in the acquired data. This
is represented in Fig. 2(b) as bounding boxes around each cluster
of object points. Because the computed bounding boxes are com-
puted for all remaining points, which may include spurious back-
ground objects, an additional size filter is applied on the bounding
boxes to remove objects that are too small or too large. The di-
mensions of the bounding box filter are determined based on the
acquired training data.

Object Classification

The classification stage involves generating a training database of
point cloud samples from construction equipment with known
categorization and matching query point cloud samples to the ap-
propriate category based on computed shape descriptors. Further
details concerning the classification process are discussed in the
following sections.

Synthetic Point Cloud Generation
Sample 3D CAD models of the desired classification categories
were downloaded online from 3D Warehouse. In this study,
construction-equipment samples were collected from the backhoe
loader, bulldozer, dump truck, excavator (backhoe), and front
loader categories (Fig. 3). The downloaded CAD models were then
converted into point clouds to form the training data set. A ray
casting technique was used to sample points along the model sur-
face with respect to virtual laser scanners placed at multiple view
locations around the model. In this study, the scan origins are dis-
tributed evenly in 16 different locations around each model and the

Fig. 2. Point cloud segmentation and clustering: (a) ground erosion; (b) Euclidean clustering; circles represent object points while dots represent
ground points; crosses are ground points that have been filtered out
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scan lines are separated by an angular resolution of 0.005 rad. To
increase the amount of training data available for the classification
process, common data augmentation techniques from machine
learning are used. For each equipment model, the generated point
clouds were randomly perturbed with Gaussian white noise to
simulate the data collection process in real-world scenarios. In
addition, the view angle of each virtual laser scanner was also
artificially restricted by a random amount to simulate occlusion.
Furthermore, CAD design tools were used to vary the joint angles
for equipment with moving parts to handle cases where construc-
tion equipment may be present in different poses. This randomized
process allows multiple point cloud samples to be generated from
the same construction-equipment model. The artificial perturbation
of training data is a form of regularization which allows the
classifier to be robust to data variability within each equipment
class. It is often the case that the test data do not have exactly
the same dimensions and descriptor values as the training data even
though they belong to the same class. Artificial perturbations are
necessary to ensure that in the process of learning the features for
each equipment category, the general trend of feature values are
identified instead of specific values.

Descriptor Calculation
The key idea behind PAD is to leverage the rectangular structure
and line symmetry of most construction equipment. Different
classes of construction equipment can thus be identified by drawing
discriminating features from these major axes of symmetry, or prin-
cipal axes. The technique of principal component analysis (PCA) is
commonly used to derive surface normal and curvature values for
3D objects (Rusu 2009). Here, however, PCA is used to infer di-
rection vectors along which certain geometric features may be iden-
tified. The first step in the descriptor calculation is to form a 3D
occupancy grid with grid axes aligned with the principal axes of
the point cloud under consideration. The occupancy grid is gener-
ated uniformly with the shortest dimension having a size of nine
grid elements. Thus, it is scale-independent with respect to the
original point cloud but the relative scale between axes is main-
tained. Fig. 4 shows an example of the 3D occupancy grid for an
excavator in which darker grid locations indicate a high density of
points and lighter grid locations indicate a lower density of points.

Next, features are derived based on the occupancy grid to store
information from dimensional variation, occupancy distribution,
shape profile, and plane counting. Dimensional variation captures
the distribution of length, width, and height between different
equipment categories. Height is defined as the dimension of grid
elements along the z-axis, which is the principal axis perpendicular
to the ground. Of the remaining axes, length is defined as the longer
principal axis, whereas width is defined as the shorter principal
axis. The first two features of the descriptor are calculated as the
ratio between these dimensions. This helps discriminate one from
other equipment categories because some equipment, like dump
trucks, has large length relative to height, whereas for bulldozers
the value would be lower. To determine occupancy distribution, the
occupancy grid is split along the middle for each of the length,
width, and height dimensions and the ratio between occupied grid
cells of each half is taken. This can be used to identify equipment
such as excavators, which have less cells distributed in front due to
the boom. Because PCA is not deterministic with respect to the

Fig. 3. Synthetic point clouds of construction equipment: (a) backhoe loader; (b) bulldozer; (c) dump truck; (d) excavator; (e) front loader

Fig. 4. Principal axes–aligned occupancy grid for an excavator
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directions of the principal axes, it is necessary to normalize the
feature values by taking the ratio between minimum and maximum
values of each configuration. An example of the occupancy distri-
bution features is shown in Fig. 5, where the ratio of occupied
grid cells is calculated between two subregions of the grid (bright
cells versus dark cells). On the other hand, the shape profile of an
equipment describes the maximum height of occupied grid cells
along its length. The shape profile can be plotted as shown in Fig. 6,
where the x-axis is placed along the length of the equipment and
the y-axis is placed along the height of the equipment. The x-axis is
calculated in normalized units (0 to 1) of the occupancy grid to
account for differences in length between equipment of the same
class, whereas the y-axis is calculated in unnormalized grid units to
demonstrate the height variation between equipment classes. Addi-
tional features can thus be derived by calculating the gradient to the
peak along the profile and the location of the peak with respect to
the length.

The last two features are plane counting features designed to
detect specific components of construction equipment. For exam-
ple, the likelihood of an excavator instance can be measured by
counting the number of planes along the occupancy grid below
a certain size threshold, which would indicate a boom, whereas
the likelihood of a loader instance can be measured by counting
the number of planes below a certain height threshold, which would
indicate a bucket. The PAD algorithm calculation procedure is sum-
marized in Fig. 7.

For comparison purposes, VFH, GRSD, and ESF descriptors
were also calculated through the implementation in Point Cloud
Library (Rusu and Cousins 2011) to evaluate the classification
performance. Default parameters were used in the ESF calculation,
whereas for VFH a normal estimation radius of 1.0 m was used. For
the GRSD calculation, the radius for normal estimation was set to
0.5 m and the radius for neighborhood search was set to 0.85 m.
The radii parameters were selected to be approximately an order
of magnitude of the sampled point cloud resolution. Several radii
values were tested and the best option in terms of classification
result was reported.

Machine Learning Classification Techniques
In the final stage of object classification, class labels are assigned
to each input point cloud cluster by training and applying machine
learning classifiers. The classification approaches considered in this
study are the k-nearest neighbor (Altman 1992), linear discriminant
analysis (LDA) (Hastie et al. 2008), logistic regression (Lin et al.
2011), and support vector machine (Chang and Lin 2011). The
k-NN method involves picking k training samples closest to
the test sample in terms of Euclidean distance in descriptor space.
The output class label is then determined through uniform voting
over class labels of the k nearest training samples. Linear

Fig. 5. Occupancy distribution features: (a) front to back; (b) top to bottom; (c) left to right

Fig. 6. Average shape profile of different equipment categories

Fig. 7. PAD calculation procedure
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discriminant analysis fits a Gaussian density model with equal
covariance to each class and separates the classes using a linear
decision boundary. On the other hand, the logistic regression
approach estimates the class label probability using logistic func-
tions and learns a set of weights for descriptor elements from the
training samples. The SVM method involves constructing a set of
separating hyperplanes in high-dimensional space to perform clas-
sification. To achieve multiclass classification, the one-versus-all
scheme was used for logistic regression and LDA, whereas the
one-versus-one scheme was used for SVM.

After training and testing samples are obtained, a corresponding
3D descriptor is calculated for each point cloud cluster as described
in the previous section. For both training and testing, the descriptor
values are scaled uniformly to a range of 0–1 and provided as input
to each machine learning classifier. The output class labels and
class probabilities are computed and stored for evaluation purposes.
To handle cases in which the test object does not fit one of the
trained categories, a rejection threshold is set using the computed
class probability and ratio between the highest and second highest
class probability. In this study, the training and testing processes
were implemented using a Python toolkit known as scikit-learn
(Pedregosa et al. 2011).

Results

The test data set is divided into three cases to evaluate the recognition
performance in different scenarios. The first data set is composed of
laser-scanned point clouds collected from a construction-equipment
yard. The construction-equipment yard is chosen because it con-
tains a large number of equipment test samples available to fully
evaluate the object recognition performance. The second data set
is obtained from laser scans of a construction site with ongoing
construction work. This data set is aimed at demonstrating the
relevance of the proposed method in a complex and challenging
environment. The third data set is composed of point clouds of
an excavator with different configurations of articulated parts to
measure the robustness of the proposed method with respect to pose
variations.

The first data set, the construction-equipment yard, consists of
two sites, one that contains mostly large equipment such as exca-
vators and dump trucks and another that contains mostly small
equipment. Fig. 8 shows a composite image collected from photo-
graphs taken from each laser scan location. For each site, seven
laser scans were taken and fused together into a single point cloud
using registration techniques. The point cloud consists of approx-
imately 1 million points after downsampling. The recognition
results are shown in Fig. 9. The point cloud clusters associated with
recognized objects are identified with a bounding box labeled with

the predicted object class. Quantitative evaluation of the classifica-
tion performance is discussed in the “Validation” section.

The second data set is taken from an active construction site with
different scenes to target different construction equipment. One
scene contains an excavator next to an excavated hole in the ground
[Fig. 10(a)], whereas another scene contains a parked backhoe
loader with other background objects present such as trucks, pipes,
trees, and bushes [Fig. 10(b)]. Without proper segmentation meth-
ods, the trained classifier will be unable to recognize the targeted
construction equipment because the foreground points are mixed
with the background points. The first scene is especially challeng-
ing for the segmentation process because the ground surrounding
the excavator is not flat and the bucket is placed on top of a pile of
dirt. Figs. 11(a–d) show the detailed segmentation and clustering
process for the first scene to obtain bounding boxes for candidate
objects to be recognized. First, ground erosion is carried out to
filter the background points surrounding the target objects.
Figs. 11(a and b) show the resulting point cloud after one and
two iterations of ground erosion, respectively. Next, the clustering
process is used to group neighboring points into individual point
cloud clusters and bounding boxes were drawn around each point
cloud cluster [Fig. 11(c)]. Following that, a size filter is applied to
the bounding boxes to eliminate spurious background objects such
as trees, bushes, and pipes [Fig. 11(d)]. The point cloud resolution
is reduced at the ground erosion stage [Figs. 11(a and b)] to
speed up preprocessing but is increased after the clustering stage
[Figs. 11(c and d)] to improve the accuracy of the object recogni-
tion stage. Finally, the proposed descriptor is applied to the remain-
ing candidate objects and passed to a machine learning classifier to
determine the object identity. Figs. 12(a and b) show the final clas-
sification results where the excavator and backhoe loader were cor-
rectly identified. In Figs. 12(a and b), darker points indicate
background elements that have been filtered out after the segmen-
tation stage, whereas lighter points indicate foreground elements
that remain after the segmentation stage. A final bounding box
and corresponding class label are only drawn around objects that
were classified with high confidence. For example, in Fig. 12(b), a
truck (upper-left corner) is also included as a candidate object after
segmentation but it does not pass the final classification stage be-
cause the classifier determines that it is a poor fit for the targeted
equipment classes of backhoe loader, bulldozer, dump truck, exca-
vator, and front loader.

The third data set is derived from a miniature excavator model
that can be manually controlled to change the angle of the cab, the
boom, and the bucket. The joint angles are collectively adjusted to
create four different poses (Fig. 13) and point cloud data were
collected for each pose using a laser scanner. This data set is
used to assess the capability of the proposed method to recognize
articulated construction equipment that may have different poses in

Fig. 8. Equipment yard test site image (panorama) (image by Yihai Fang)
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actual working scenarios. An excavator was selected for this
data set because it has the highest degrees of freedom in terms of
joints that may be manipulated. Detailed evaluation of the classi-
fication performance in this data set is presented in the “Validation”
section.

Validation

To evaluate the classification performance of the proposed PAD,
the performance metrics of accuracy, precision, and recall were
used. Accuracy is defined as the number of true positives and true
negatives divided by the total overall samples. Precision is the

number of true positives over the sum of true positives and false
positives, while recall is the number of true positives over the
sum of true positives and false negatives. Table 1 shows the accu-
racy, precision, and recall values for each construction-equipment
category using PAD with the SVM classifier. The descriptor
showed effective classification with accuracy values of more than
90% for all five equipment categories. The bulldozer and dump
truck categories also demonstrated great recall rates where all
the test samples in those categories were correctly identified. How-
ever, for the backhoe loader, bulldozer, and dump truck categories,
some of the recognition rates may be skewed low because the num-
ber of test samples in those categories is much smaller than the total
number of test samples.

Fig. 9. Equipment yard test site recognition results

Fig. 10. Point cloud from construction site test data: (a) scene with excavator; (b) scene with backhoe loader

© ASCE 04016058-8 J. Comput. Civ. Eng.
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Fig. 11. Segmentation and clustering process for an excavator in a construction site point cloud: (a) point cloud after one iteration of ground erosion;
(b) point cloud after two iterations of ground erosion; (c) clustering of objects and computation of bounding boxes; (d) refined object bounding boxes
after size filtering

Fig. 12. Construction site test data recognition results: (a) scene with excavator; (b) scene with backhoe loader

© ASCE 04016058-9 J. Comput. Civ. Eng.
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Next, the overall recall rate of PAD was compared with that of
other 3D descriptors such as ESF, VFH, and GRSD (Table 2). The
overall recall rate was calculated for each descriptor using four
different classification algorithms, which are k-NN, SVM, LDA,
and logistic regression. PAD showed high recall rates for each
classification algorithm used and also achieved the highest average
recall rate over all classification methods.

The recall rate of PAD was also evaluated in situations where a
construction equipment may be present in different poses. This is
evaluated in the pose variation test data set with an excavator in
different configurations of boom and bucket angles. Table 3 shows
the number of poses where the sample is correctly identified as an
excavator and the corresponding recall rate. PAD was able to
achieve the highest recall rate compared with competing descrip-
tors where all the test samples were correctly identified.

Finally, the performance metric of computation time is consid-
ered because it is relevant for real-time applications of object
recognition. Table 4 shows the time taken in seconds for descriptor
calculation in the classification training and testing phase for PAD

compared with ESF, VFH, and GRSD. The number of feature
dimensions is also shown because it highly factors into the com-
putation time involved for each descriptor. PAD demonstrates
significant savings in computation time due to the low number of
feature dimensions.

Discussion

As shown in the previous section, the proposed PAD demonstrated
better performance compared to other descriptors in recognizing
test samples from the five equipment categories considered
(Table 2). It achieved the highest average recall rate of 75%,
whereas the next best candidate is the ESF descriptor at 63%. It
can be postulated that because PAD leverages known geometric
structure in the domain of construction equipment, it is able to out-
perform more generic 3D descriptors such as ESF, VFH, and
GRSD, which were originally studied in the context of recognizing
small household objects.

It is also possible to analyze the classification performance with
respect to the machine learning classifiers used such as k-NN,
SVM, LDA, and logistic regression. Each classifier is characterized
by its decision function to separate between classes and assump-
tions made about the input feature space. Thus, different classifiers
would differ in terms of computation speed and classification
performance on a given data set. For example, the k-NN classifier
directly matches the query descriptor to the class with most similar
descriptors without any assumptions about the input features.
On the other hand, classification with LDA requires that the input
features are normally distributed with identical covariances for each
class, which might lead to worse classification performance, as
shown in Table 2, if the assumptions do not hold. PAD is able
to achieve good classification results regardless of the classification
method, which indicates a strong distinction between features of
different classes and makes them easily separable.

PAD is able to successfully handle object intraclass variation
because, being a global 3D descriptor, it learns a global represen-
tation of the object features instead of any specific local features.
In the training stage, heavy regularization in the form of artificial
perturbations is employed to account for data imperfections and
individual model differences as well as pose variations. The test
results indicate that PAD demonstrates robustness with respect to

Fig. 13. Pose variation test data set

Table 1. Accuracy, Precision, and Recall Rates for Each Construction-
Equipment Category

Category
Total

samples
Correct
samples

Accuracy
(%)

Precision
(%)

Recall
(%)

Backhoe loader 4 2 95.45 100 50
Bulldozer 3 3 95.45 60 100
Dump truck 2 2 90.91 33.33 100
Excavator 23 21 93.18 95.45 91.3
Front loader 12 9 93.18 100 75

Table 3. Recall Rate of Each Descriptor for Different Pose Configurations

Recall ESF VFH GRSD PAD

Correct samples/total samples 3/4 1/4 1/4 4/4
Recall rate (%) 75 25 25 100

Table 2. Overall Recall Rate of Each Descriptor Based on Classification
Algorithm

Classification
algorithms

3D descriptors

ESF (%) VFH (%) GRSD (%) PAD (%)

k-NN 64 66 14 75
SVM 77 55 11 84
LDA 34 18 20 73
Logistic regression 77 41 16 75
Average 63 45 15 76

Table 4. Computation Time of Each Descriptor

Descriptor ESF VFH GRSD PAD

Number of feature dimensions 640 308 21 10
Training time (s) 136 147 974 31
Testing time (s) 17 19 127 4

© ASCE 04016058-10 J. Comput. Civ. Eng.
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object intraclass variation. For example, within the excavator class
of the equipment yard data set, the classifier is able to successfully
recognize both wheel excavators and track excavators as well as
excavators with different bucket types. In the pose variation data
set, all object instances were correctly classified even with different
poses.

PAD also demonstrates an advantage in computation speed
when compared with competing 3D descriptors (Table 4). In this
paper’s implementation, the input point cloud is reduced to a
simplified occupancy grid representation and a compact set of fea-
tures is calculated on a global level. On the other hand, a descriptor
such as GRSD requires the calculation of local RSD features for
each point and so does not scale well with the size and complexity
of the input point cloud.

Overall, the low dimensionality of PAD is emphasized because
it represents a compact set of geometric features and significantly
lowers the computation time. Low dimensionality can also be seen
as an advantage for PAD in classification tasks with a small number
of categories, whereas higher-dimensional descriptors might have a
tendency to overfit the training data.

Limitations

The proposed PAD for construction-equipment classification is
subject to a few limitations. First, the descriptor design is focused
toward classification of the five selected equipment categories. The
descriptor may not achieve the demonstrated classification perfor-
mance if used as-is for construction equipments that are not within
those categories. Thus in this study, the equipment categories
selected are the ones most commonly used in a construction site
scenario such as loader, excavator, and bulldozer. On a similar note,
because PAD is characterized by low dimensionality, it may under-
fit the input data if the number of classification categories is too
high. This problem can be addressed in future studies by extending
the descriptor with more features and having a larger set of training
data. Finally, this study faced the problem of a limited number of
training and testing data. In the machine learning domain, thou-
sands or even millions of training samples are commonly used to
tune state-of-the-art classification frameworks. However, this is dif-
ficult to achieve in the experimental setup because a large amount
of laser-scanned point clouds of construction equipment is chal-
lenging to acquire and process. In this study, the problem was
handled by using data augmentation techniques such as training
data synthesized from multiple views and artificially added noise
to enable the classifier to generalize over a larger set of test cases.

Conclusion

The main contribution in this study is to develop a novel 3D de-
scriptor named principal axes descriptor for the task of recognizing
different types of construction equipment from a laser-scanned
point cloud. PAD is applied in a recognition pipeline on segmented
point cloud clusters of target construction equipment to identify
discriminating geometric features in 3D. Test results indicate that
PAD achieved faster and more accurate classification performance
on construction-equipment data when compared against existing
3D descriptors such as ESF, VFH, and GRSD. The main benefits
of PAD are a compact and efficient feature representation and im-
proved recall rates from the acquired point cloud data. For future
work, the authors envision expanding the training data set to take
into consideration more categories (e.g., wheel types) of construc-
tion equipment as well as a larger variety of models within each

category. The proposed method can also be extended to the more
general case of identifying onsite assets in a construction project.
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