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Abstract

Three-dimensional (3D) truck information, e.g., geometry, orientation and position, can enable
various smart construction applications such as monitoring earthwork, enhancing construction
safety, and promoting productivity. While stereo cameras have been extensively explored, the use
of monocular vision (MV) for object 3D reconstruction still lacks substantial documentation. This
study aims to advance the field of MV-enabled 3D truck reconstruction, by formulating it as an
optimization problem. First, the general geometry of trucks is conceptualized and used to form a
truck parametric model (TPM). Then, the TPM is rendered by a computer graphics engine to
generate synthetic views of the truck. Finally, an optimization algorithm is proposed to
progressively calibrate variables of the TPM, with an objective to maximize the alignment of the
synthetic views with a target truck image. The proposed approach, called Mono-Truck, was
evaluated by both lab tests and field experiments. The lab tests demonstrate an average error of
10.1%, 6.7 mm, and 0.7°, respectively, in estimating the truck’s dimensions, position, and

orientation. In the field experiments, the Mono-Truck reports a solid performance comparable to
the baseline. This study contributes to the knowledge body by opening a new avenue to the
monocular 3D truck reconstruction problem from an optimization perspective. The proposed
approach can be further generalized to other types of construction machinery (e.g., excavators,
cranes, and bulldozers) for their 3D reconstruction and smart applications.

Keywords: Machinery 3D reconstruction; Construction scene understanding; Construction operation
monitoring; Monocular vision; Computer vision; Computer graphics.
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INTRODUCTION

Three-dimensional (3D) information of construction machinery concerning its position, posture,
and dimensions is of significant value for enabling smart construction (Behzadan et al. 2008;
Brilakis et al. 2011; Cho and Gai 2014). For example, in earth moving operations, 3D information
can be used to understand the collaborative behaviors between excavators and dump trucks (Azar
et al. 2013; Ibrahim and Moselhi 2014; Pradhan and Akinci 2012). When excavating for utility
rehabilitation, awareness of the excavator’s 3D limb pose relative to the underground utility is
crucial for the operator to ensure construction quality (Feng et al. 2018; Yuan et al. 2017). In jobsite
safety management, real-time tracking of project related entities (e.g., machinery and workers) can
be used to monitor and predict proximity of mobile objects, thereby creating early awareness of
potential struck-by accidents (Kim et al. 2020; Kim et al. 2019a; Yuan et al. 2017).

Among the great variety of construction-related machinery, haul tucks are one of the most widely
used streams of construction plants. Their 3D information is of great value. For example, as the
major tool for transporting construction materials, the presence of haul trucks serves as an
important indicator of productivity—the more frequent the presence of trucks with larger payload,
the higher the construction intensity (Azar et al. 2013; Azar and McCabe 2012; Gong and Caldas
2011). If bucket dimensions of the haul trucks can be detected, it is then feasible to estimate the
amount of material (e.g., concrete and earth) that has been casted in place. In addition, the frequent
human-truck interactions onsite pose great threats to workers’ health and safety, resulting in a
considerable proportion of struck-by fatalities (OSHA 2013). If the truck trajectory and operations
are continuously monitored, proactive measures can be taken to prevent such contact-driven
hazards.

Sensor-based approaches have been explored to monitor construction operations onsite (Liu et al.
2013; Lu 2018; Niu et al. 2016; Péntek et al. 2017; Vahdatikhaki et al. 2015). For articulated
machines which usually operate in relatively fixed place, e.g., excavators and cranes, inertial
measurement units (IMU) and Ultra-Wideband (UWB) have been used to track the movements of
their articular parts (Péntek et al. 2017; Vahdatikhaki et al. 2015). For rigid machines such as rollers
(Liu et al. 2019) and dump trucks (Liu et al. 2013), the global navigation satellite system (GNSS)
is primarily used for operation monitoring. However, as suggested by previous studies (Azar and
McCabe 2012; Brilakis et al. 2011; Yuan et al. 2017), deploying and maintaining such sensing
systems on the many plants in a large project is extremely costly.

The rapid advancement of computer vision (CV) presents great potential to address the limitations
(Golparvar-Fard et al. 2013; Heydarian et al. 2012; Sherafat et al. 2020). With a few cameras
installed onsite, construction machines appearing in the cameras’ field of view (FOV) can be
automatically detected, without having to equip each plant with tailor-made sensors (Azar and
McCabe 2012; Kim et al. 2018b). To enable 3D reconstruction, stereo cameras (Brilakis 2016;
Yuan et al. 2017) with mutually overlapped FOV have been explored, which can estimate 3D world
coordinates of the machines by simple triangulation of images taken from different angles (Brilakis
et al. 2011; Park et al. 2012; Soltani et al. 2018). However, stereo vision systems require that the
cameras have overlapped FOVs, which are not common settings in existing sites.

Compared with stereo vision, monocular vision (MV) for 3D reconstruction has several advantages.
It can directly leverage readily available monocular cameras on existing construction sites, and
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thus, affordable. It only requires single images of the target scene, and thus, scalable. However,
when a 3D scene is projected onto the 2D imaging plane of a camera, the depth dimension is lost.
Unlike stereo vision, there are no extra camera views in MV to compensate the loss, making 3D
recovery extremely challenging. Nevertheless, pioneering research has been performed, which
either explores learning-based approaches to gain a perception of depth from images (Liang et al.
2019; Luo et al. 2019; Yu et al. 2021c¢), or provides analytical solutions based on certain simplified
assumption (Chen et al. 2022). However, for learning-based approaches, the preparation of training
data is a challenge because it needs dedicated devices to obtain the ground-truth position
information. The analytical approaches, on the other hand, may encounter problems in
generalization, as assumptions valid in certain scenarios might not hold in other cases.

Optimization presents a different approach than the aforementioned learning-based or analytical
solutions. Obtaining exact analytical results is not the goal; rather, it approximates the best possible
solutions in a numerical way within a predefined search space (Brownlee 2018). Catalyzed by the
improving computation power, optimization is increasingly used to solve complicated scientific
and engineering problems such as aircraft design (Lee et al. 2008), protein structure prediction
(Nicosia and Stracquadanio 2008), facility management (Yu et al. 2019; Yu et al. 2021a), and
surgical planning (Clancey and Witten 2011). Likewise, optimization can also be used to solve the
monocular 3D reconstruction problem (Xue et al. 2018). Leveraging the regularity of truck
geometry, the 3D position, orientation and dimensions of trucks can be characterized by a few
variables. These variables can be further optimized under the constraints posed by various factors
such as truck manufacturing standards and external environments.

This study aims to propose a novel monocular vision approach for 3D truck reconstruction (Mono-
Truck). It contributes to the existing body of knowledge by innovatively formulating the
monocular 3D reconstruction as an optimization problem, providing a new perspective different
from existing learning-based or analytical solutions. From a practical perspective, the Mono-Truck
presents a scalable and easy-to-deploy solution to monitor onsite truck behaviors. Similar concept
can be extended to other construction machines, enabling both their 3D reconstruction and
advanced smart applications.

Subsequent to this introductory section is a comprehensive literature review on the status quo of
construction machinery monitoring. Next, the proposed Mono-Truck approach is introduced,
followed by experimental studies which evaluate the proposed approach. After that, theoretical
contribution, practical implication, and limitations of the study are discussed, and finally
conclusions are drawn.

LITERATURE REVIEW

Sensor-based machinery tracking

Sensing techniques have long been used to track the operations of construction equipment onsite
(Joetal. 2017; Lee etal. 2012; Liu et al. 2019; Lu 2018; Péntek et al. 2017; Yu et al. 2021b). Since
a construction plant is a combination of rigid bodies connected by joints, 3D pose of a piece of
machinery can be recovered from node positions where the sensors have been placed. Many studies
(Ahn et al. 2015; Bender et al. 2017; Kim et al. 2018a; Péntek et al. 2017) have explored the
applications of IMU in monitoring excavation operations. Other studies, e.g., Vahdatikhaki et al.
(2015) and Jo et al. (2017), developed tracking systems based on UWB and radio frequency
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identification (RFID) for the same purpose. To guide crane operation in complex environments,
Zhang et al. (2012) investigated how UWB can be used to monitor the crane pose in real-time
fashion. For earthworks construction, GNSS, inclinometer, and other sensors are integrated with
graders to realize precise control of the leveling operation (Deere & Company 2021; Trimble 2021;
You et al. 2021).

Construction plants such as trucks and rollers need to move in a relatively large or even unlimited
work zone. Considering such characteristics, GNSS is usually used to provide approximate
locations of the plants for process monitoring (Caldas et al. 2006; Kassem et al. 2015; Liu et al.
2019), quality control (Liu et al. 2013; Zhang et al. 2019), and performance optimization (Aguirre-
Jofré et al. 2021). Caldas et al. (2006) explored the benefits of deploying GNSS technologies to
monitor the material transportation process. Liu et al. (2013) equipped dump trucks involved in a
dam project with GNSS units to ensure material quality. Zhang et al. (2019) proposed an unmanned
rolling compaction system based on GNSS for the construction of earth-rock dams. Aguirre-Jofré
et al. (2021) devised a low-cost Internet-of-Things (IoT) framework to monitor and optimize the
performance of mining trucks.

While these sensor-based systems are reportedly successful, their shortcomings are also evident.
A construction project may involve dozens, or even hundreds, of haul trucks. Deploying and
maintaining such sensing systems on individual trucks is overwhelmingly resource-demanding. In
addition, the information from these sensing systems may be insufficient. For example, a single-
point position provided by GNSS is not granular enough in terms of truck volumetric information,
which is important for precise productivity analysis and proximity monitoring.

Stereo vision-based machinery tracking

Compared with sensor-based machinery tracking, vision-based approaches stand out for their cost-
effectiveness, ease of maintenance, and wide coverage (Brilakis et al. 2011). With a few stereo
cameras in place, construction entities (e.g., machinery or human workers) in their FOV can be
automatically detected and triangulated in batch, avoiding the need of machine-wise hardware
installation (Azar and McCabe 2012). Early-stage studies are intended to recognize various
construction plants from images. Azar and McCabe (2012) handcrafted visual features for dump
truck detection, based on which a server-customer interaction tracker was developed to measure
dirt loading cycles (Azar et al. 2013). Kim et al. (2019b) recognized excavator actions by
considering the sequential patterns of visual features and operation cycles. Lu et al. (2022) trained
an end-to-end deep learning model to detect truck-loaded construction waste materials. Luo et al.
(2018) proposed an approach to recognizing diverse construction activities from site images, while
Xiao and Kang (2021) devised a vision-based tracker to monitor multiple construction machines
in video sequences.

Recent research efforts aim to recover machinery 3D pose or even volumetric information by using
stereo vision (Brilakis et al. 2011; Park et al. 2012; Soltani et al. 2018; Yuan et al. 2017). Brilakis
et al. (2011) implemented a pioneering study on estimating 3D coordinates of project-related
entities (e.g., dump trucks) from a set of static cameras, while Park et al. (2012) integrated 2D
tracking with stereo triangulation to allow the 3D tracking of construction resources. Yuan et al.
(2017) proposed a stereo vision approach to tracking excavator operations based on kinematic
constraints and key node features. On the other hand, Feng et al. (2015; 2018) proposed a system
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consisting of a network of cameras and fiducial makers to monitor the movements of articulated
machines. In (Akinci et al. 2006; Cho and Gai 2014; Wang and Cho 2015), technologies were
developed to recognize and register heavy equipment operations from 3D point clouds. However,
stereo vision systems are not common in existing construction sites. As a result, substantial
resources and manpower would be required to deploy relevant hardware infrastructure. In addition,
stereo vision relies on mutually overlapped FOV between the cameras, which takes time and efforts
to calibrate.

Monocular vision-based 3D reconstruction

Unlike stereo vision, MV takes advantages of the existing jobsite camera system as it is, without
having to put in place new hardware infrastructure (Chen et al. 2022; Fang et al. 2020; Yu et al.
2021c). However, using MV for machinery 3D reconstruction is challenging because the depth
dimension, which is lost during the imaging process, cannot be compensated by diverse camera
view angles. To address the challenging “loss of depth” issue, learning-based and analytical
approaches have been developed, respectively.

The learning-based approaches are data-driven, and intend to acquire a perception of depth by
learning from large-scale image datasets with known depth information (Mertan et al. 2021; Zaheer
et al. 2018). For example, Liang et al. (2019) trained deep convolutional networks with monocular
photographs as input to reconstruct 3D pose of articulated construction robots. Similarly, Yu et al.
(2021c) designed a residual neural network with flexible complexity and weighted training loss
for 3D working pose estimation from monocular cameras. However, the preparation of training
data is a challenge for such learning-based solutions because dedicated devices (e.g., encoders,
and IMU) need to be set up to acquire the ground-truth positioning data.

Analytical approaches, on the other hand, leverage certain assumptions of the target scenarios to
make the 3D reconstruction problem analytically solvable. Zaheer et al. (2018), for example,
assumed man-made structures are consisted of mutually orthogonal or parallel planes, and devised
a single-view algorithm to reconstruct 3D profiles of built environments. Lim et al. (2014) made
use of a coplanar assumption to calculate defect geometry on bridge decks. However, the
assumptions specified in certain scenarios are not universally generalizable. For example, in (Chen
et al. 2022), the author assumed “the truck load bucket is as high as the cabin”, based on which a
MYV algorithm was proposed to estimate bucket dimensions of construction waste haul trucks.
Clearly, this assumption is only valid for certain types of haul trucks, as it is not uncommon to
have a bucket higher or lower than the truck cabin. The strict assumptions used by the analytical
approaches confined their application scenarios.

Optimization may represent a more generalizable perspective than learning-based or analytical
solutions (Brownlee 2018). By definition, recovering 3D from 2D is an ill-posed problem that has
infinite solutions. An example is that objects of larger size but far away can produce the same
image as those smaller but closer. However, objects in the real life always conform to their internal
structures and are constrained by their environments, which can be leveraged to significantly
narrow down the search space and make the problem solvable (Lee et al. 2008; Xue et al. 2018).
For example, geometry of a haul truck usually follows explicit patterns, comprising a cabin, several
wheels, and a bucket. The size of a truck is confined by traffic regulations and social norms, and
thus can neither be too small nor too large. Externally, the environments restrict the positions and
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possible poses of the trucks. Within a limited search space confined by such constraints, the
different parameter combinations of a truck parametric model can be iteratively tested out, using
computer graphics engines, to simulate an unlimited number of synthetic truck views. With a target
truck image at hand, optimization algorithms can be devised to align the synthetic views with the
target image as much as possible. The parameters after optimization will then give all required
information to describe the actual 3D pose and geometry of the machine.

THE PROPOSED MONO-TRUCK APPROACH

An alternative to previous learning-based and analytical MV solutions is referred to as Mono-
Truck in this paper. It progressively optimizes a truck parametric model to fit a target image,
avoiding the need of pose network training or strict assumptions on truck geometry.

Parametric model of truck geometry

A haul truck is typically consisted of a cabin, a load bucket, a chassis, and two pairs of wheels,
which is conceptualized as a parametric model shown in Fig. 1. The parametric model
encompasses 17 parameters of the three groups, i.e., empirical parameters (EP), optimization
parameters (OP), and derivative parameters (DP). Specified values of these parameters, and the
3D pose and geometry of the truck are determined.

(a) Truck schematic diagram (b) List of parameters
‘..DQ.. BL : Empirical params.
. " Ccw Cabin width

CH Cabin height
CL Cabin length

= | 8| cenalaxis. = RH Rear height

o \ L Optimization params.
(x, y) Truck coordinates

v % ' 5} Truck direction

. & BL Bucket length
~—CL— e i) BW ‘ Bucket width
BH Bucket height
GHk ‘_ DD Detached distance
X Derivative params.

[ T CHL Chassis length
T m CHT Chassis thickness
2 I J WD Wheel diameter

L = 1 1 Cabin shape#1
ﬂ( A ! EHT. o e % I Cabin shape#2
=5 g' NN I3 Front wheel position

Side view 14 Rear wheel position

Fig. 1. Haul truck parametric model: (a) Schematic diagram of the model; (b) parameters and their
brief explanations.

EP describes dimensions of the cabin and the chassis, which includes cabin width (CW), cabin
length (CL), cabin height (CH) and height of the rear chassis frame (RH). Trucks of the same
model tend to have only one or a few types of cabin/chassis dimensions, which can be easily
obtained from their product specifications. In addition, since different manufacturers follow
similar assembly standards and regulations, models from the same or even different manufacturers
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have homogeneous profile dimensions. Section S1 of the supplementary material summarizes the
dimensions of 89 truck models from three major manufacturers. The values of CW, CL, CH, and
RH follow strict production rules and standards, which therefore are referred to as empirical
parameters.

Unlike the cabin and chassis, a truck’s load bucket, described by bucket length (BL), bucket width
(BW), and bucket height (BH), can usually be customized with various dimensions. Suppose the
bucket central axis is in line with that of the chassis frame, then the position of the bucket on the
chassis can be characterized by its distance to the cabin, which is called detached distance (DD).
The truck position and orientation can be described by the plane coordinates of the bucket rear left
vertex, i.e., (x, ), and the rotation angle around the vertical axis (i.e., ), respectively. The
parameters are primary variables to optimize, and thus are denoted by optimization parameters.

With the EP and OP, parameters can be further deduced to depict the truck profile in detail. The
DP are calculated as follows:

CHL = DD + BL

CHT = A, RH

WD = A,RH

l,=4CL (1)
1, = A,WD

I, = AWD

I, = AVD

Where CHL and CHT are, respectively, the length and thickness of the chassis frame; WD is the
diameter of the wheels; /1 and /> describe detailed profile of the bottom part the cabin; 5 and /s

characterize positions of the wheels. A,(i=L2,...,6) are constants that determine the relationship

between parameters. They can be specified according to the need of application scenarios. In this study,
the research team referred to dimensions drawings of typical truck models from Isuzu, Fuso, etc., and

specified 4, 4,, 4;, 4,, A,and A, as0.05,0.95,0.67,0.5,0.5, and 0.7, respectively. It is worth

noting that the truck wheels are primarily for visualization purpose, hence the exact numbers of
wheels will make no substantial differences in most cases. Here, it is assumed the trucks have two
rows of wheels, but more can be added as appropriate, e.g., field experiments of this study.

Graphics rendering of the truck model

The parametric model is rendered by OpenGL (Open Graphics Library) to generate synthetic truck
views, which will be compared with the target views of real photographs for optimization. To this end,
it is important to ensure the equivalence of the simulated camera in OpenGL with the actual camera in
real life (Song 2021), which includes both extrinsic properties (e.g., camera position and orientation)
and intrinsic optical characteristics (e.g., focal length, resolution, and aspect ratio). Fig. 2 compares the
pin-hole model of a real camera and the perspective projection model in OpenGL. Where the extrinsic
and intrinsic parameters of the real camera have been obtained in advance, the mathematical
description of the rendering process can be expressed as follows:
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(a) Object point (b)

P3p (X, Yws 20} View volume //'\‘ -
(Frustum) i ~__ Far clipping plane
// a0
T
Z // e
C Near clipping plane -
P

(Viewport)
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_Imaging
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Ycov
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Fig. 2. Comparison between (a) pin-hole model of the real camera, and (b) perspective projection of
the simulated camera in OpenGL.

. . T . :
The object coordinates [xob i Yoy Zony Wy j] of a parameterized truck (or a component of it) are

obj

converted to clip coordinates [xch.p Ve Zetip Weip ]T in OpenGL (Song 2021).

xclip xobj
y clip y obj
= MprojMviemeodel (2)
Z clip ZUbf
L Wclip i L Wobj i
Wherethe M .., is the model transform matrix that converts a vertex in the object local space to the

world space; M is the view transformation matrix to convert from world space to the eye space

(equivalent to the camera coordinate system OcXcYcZc in pin-hole model). M, . plays a similar

role as the extrinsic matrix of a pin-hole camera, but the two are not completely identical because of
the opposite definition of the Z. direction (see Fig. 2). Suppose the extrinsic matrix of the real camera
1s:

hw hy hy !

[R|T]: r21 l"22 r23 ty (3)
By Iy Iy L
0 0 0 1
Then M, should be calculated as follows:
10 00 oy hy L
M=o 0 Ve T e T (4)
0 0 -10 “h Ty Thy L

0 0 0 1 o o0 0 1
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InEq. (2), M, defines the viewing frustum, and how objects are projected to the screen, just as the
kll klZ kl3
intrinsic matrix K does for the pin-hole camera. Suppose K=|k, k), k, |, then M . is
k31 k32 k33
derived by the following equation (Straw 2011):
2k, 2k, w—2k;+2x, 0
w w w
0 2k,,  —h+2ky+2y, 0
M, = h h )
0 —far —near -2 far xnear
far —near far —near
0 0 -1 0

Where w and # are, respectively, the width and height in pixels of the camera image; xo and )y are the
camera image origin, which are normally zeros. near and far are the distance from the OpenGL camera
to the near and far clipping planes, respectively.

The clip coordinates can finally be translated and scaled to pixel coordinates [x,,, yview]T on the

viewport, which is mathematically equivalent to the projection of a corresponding physical point onto
the real pin-hole camera. The aforementioned coordinate transform procedure is applied to the entire
simulated scene, which will render a synthetic view of the truck parametric model.

Optimization to estimate truck parameters

As illustrated in Fig. 3, this study formulates the 3D reconstruction of haul as an optimization problem.
Customizing the truck parametric model with different values, different synthetic views can be
generated by the OpenGL rendering engine. By searching through the solution space of truck
parameters, the parameter values leading to the best alignment with a target truck image would be the
optimal ones to recover the truck’s real 3D pose and geometry. Particle swarm optimization (PSO), a
derivative-free optimization (DFO) algorithm, is used in this study for solving the optimization
problem. Compared with its parallels, e.g., genetic algorithm and simulated annealing, PSO can
achieve relatively high accuracy with faster convergence speed (Hassan et al. 2005). Although PSO is
known to be subjected to local optimum, it usually happens only when the search space is of high
dimensions, which is not the case of our study.

The optimization aims to maximize the mean intersection over union (mloU) between the synthetic
view rendered by OpenGL and the target view from an input truck image:
max mIOU = ZIOU(I/Vlirtual’I/rleal) (6)
ieM
Where loU(A, B) is a function calculating the intersection over union (IoU) between image A and
image B. V., and V., are pixel regions of semantic type i on the synthetic and real view,

e

respectively. M = {"cabin","bucket"} , which denotes a full set of all semantic types. To

automatically recognize pixel regions of “cabin” and “bucket” on the input target image, various oft-
the-shelf semantic segmentation techniques can be used, e.g., U-Net (Ronneberger et al. 2015),

9



326
327

328
329

330
331
332
333
334
335
336
337
338
339

340
341
342

343
344

DeepLab (Chen et al. 2017), and Mask R-CNN (He et al. 2017).

O lteration step (b) -
--» Optimization path 7

(a) mloU Ste? n

Example
searching
space to
maximize
the mloU.

* For simplicity, the
number of parameters to

2

optimize is set to two Barameler®l o3 =5 2 Parameter #2
(d) Step 1 Step 3 Step n
3D Models
2D
Renderings

mloU = 0.53 mloU = 0.59 mloU = 0.60 mloU = 0.89

Visualization . ; ' . .

Alignment

Fig. 3. Truck 3D reconstruction as an optimization problem: (a) Hypothetical search space with two
parameters to optimize, of which the vertical axis is mean intersection over union (mloU) between the
(c) target truck region in (b) a given real photo and the synthetic renderings in (d). Each column in (d)
corresponds to an iteration step in (a), and the three rows are, respectively, 3D truck models under
different parameter combinations, the resulted 2D renderings, and the level of alignment with the target
view.

The ill-posed monocular 3D reconstruction problem needs explicit constraints to disambiguate the
solution space. Two types of constraints, i.e., the external and internal ones, are considered in this study.
The former refers to confinements posed by external environments on the truck position, orientation,
and dimensions, which can be expressed as follows:

Qtl’uck (x9y9 0""’13314) Egzenv (7)
Where Q. (x,7.0,...,15,1,) represents the 3D space occupied by a truck characterized by the
parameters mentioned before; €2 is the available 3D space allowed by the external environments.

Depending on the specific application scenarios, the external constraints in Eq. (7) can be specified as
different forms. Internal constraints are confinements arising internally from the truck design and
10
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manufacturing rules. For example, the bucket should not exceed the cabin by a certain extent:
{(l—a)CW <BW <(1+a)CW

0<BH <(1+ pB)CH
Where o and B are scale factors ranging from O to 1.

(8)

An adapted PSO pipeline is proposed in Fig. 4 for haul truck 3D reconstruction. Both the EPs and OPs
are randomly generated at the beginning of the optimization, serving as the initial particle swarm. The
generated EPs are mapped to standard truck dimensions that have been collected from product
specifications of relevant manufacturers. The mapping is based on similarity measured by their
Euclidean distance, the specific rationale of which can be found in Section S2 of the supplementary
material. The rectified EPs after mapping (i.e., CW,, CL,, CH,, and RH,) and OPs are used to calculate
the DPs. With the Eps, Ops and DPs, synthetic views of the parametric truck model will be rendered
with OpenGL, which are then compared with the target view extracted from the input real photo for
fitness function calculation. Note that the target view has been processed in prior to rectify the lens
distortion. The obtained fitness (i.e., mloU) and the current iteration step are compared with the
termination requirements (i.e., the required number of iterations and the mloU threshold). If the
requirements are not met, the particle swarm will be updated and used to repeat the above procedure
until the desired mloU or number of iterations is reached.

Initialize EP and OP
as particles
Update particle {CW, CH, CL, RH,
swarm %, 0, BL, BW,
\L BH, DD}
Rectify EP to

(CH,, CW,, CL,, RH,)

|

Calculate DP Input target photo
T
{CW,, CH,, CL, RH, %, v, 0, v
BL, BW, BH, DD, CHL, CHT,
WD, 1,1z, 15, 1} Truck recognition

!

T Undistortion
{Synthetic view} I

Graphical rendering

{Target view}

Calculate fitness

function

{Picer, mloU}

* Note: (1) EP, OP and DP stand for empirical, optimization, and derivative parameters, respectively;
(2) n is the current iteration step, and N is the number of iterations;
(3) mloU is mean intersection over union, and th is a designated threshold

Fig. 4. Particle swarm optimization pipeline for haul truck 3D reconstruction.
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EXPERIMENTAL STUDIES

Both laboratory tests and experimental experiments were implemented to evaluate the proposed
methods. The computation hardware used is a workstation with Intel Xeon E5-2640 CPU and
NVIDIA GeForce GTX 1080 GPU. The truck parametric model is rendered with a python library
called PyOpenGL, and the optimization is realized with a package called Swarming (giovcandido
2021).

Lab experiments

As shown by Fig. 5, a simulated experiment zone of 222 mmx290 mm is set up on a desktop. The
used photo-capture device is a smartphone, Xiaomi MI 6, which has an equivalent focal length of
27mm. The camera intrinsic parameters are obtained via the Zhang’s calibration method (Zhang
2000). To obtain the camera pose (i.e., the extrinsic parameters), 10 reference points with known
pixel coordinates and world coordinates were selected in the experiment zone (see Fig. 5 (a)). After
calibration, five model trucks will be placed in the experiment zone, each with two different poses,
to evaluate the truck reconstruction performance (see Fig. 5 (b)). A photo is taken for every pose
of each model truck, resulting in a total of 10 photos (or views).

1
)

Test setup with model trucks put into the camera field of view.

One premise of the Mono-Truck approach is that the graphics engine can correctly simulate the
real camera. To validate, three test points (i.e., the T1, T2, and T3 in Fig. 5 (a)) were used for
evaluation. Table 1 compares the pixel coordinates of the three points on a real photo with those
rendered by OpenGL. The average deviation of the rendered points from their real positions on the
photo is 13.0 pixels. As the grid size of the checkboard is known (i.e., 29 mm), the actual deviation
in 3D world space can also be estimated using the method in Section S3 of the supplementary
material, which is around 3.8 mm. The camera distance to the scene origin (the checkboard lower-
left corner in Fig. 5 (a)) is 239 mm. Considering resolution of the real photo is 1920x1080 and the
length of a typical model truck is around 80 mm, the deviation (13 pixels and 3.8 mm) is quite
small, and thus can ensure the plausibility of the synthetic views rendered by OpenGL. With the
increase of the camera distance, the pixel error was found to decrease while the error in metric unit
increased, reaching 5.2 mm when the camera distance was 766 mm (see Section S3 of the
supplementary material). Although it is still a reasonable deviation as compared to the length of a
typical model truck (~80 mm), the trend may imply a need to restrict the camera position not to be

12



400
401
402

403
404
405
406
407
408
409
410
411
412
413
414

415
416

417
418
419
420
421

too far away from the object of interest in practical application.

Table 1. Comparison of pixel coordinates captured by real camera and rendered by OpenGL.

On real photo On OpenGL rendering Errors Average Errors Average
Test Point el error error
Ureal Vreal Ugl Vgl (plXG ) (plxel) (mm) (mm)
T1 588 581 603.033 574.118 16.5 4.5
T2 1031 617 1045.876 613.188 15.4 13.0 3.9 3.8
T3 1119 303 1122.696 297.148 7.0 3.0

The PSO used the following parameters: the acceleration coefficients, inertia weight, and number
of iterations are specified as 1.4, 0.7, and 12, respectively; the swarm size for each step is 110. The
model trucks are 1:76 duplicates of their real-life counterparts, and therefore the acquired standard
EPs (see Section S1 of the supplementary material) are all scaled down by 1:76. For lab tests, we
manually designate pixel areas corresponding to the truck cabin and the bucket in each image. Fig.
6 shows the optimization process of selected views of three model trucks. At the beginning (e.g.,
the third step), the estimated truck parameters are deviated from the actual values of their physical
counterparts, resulting in relatively low mloUs. With the progression of optimization, the level of
alignment improves steadily, incrementally approximating to the real truck poses and dimensions.
After 10 iterations, the mloU already reached 60% for all the three model truck views.

Truck#2_view#2

L ek m"

s

Target
3rd step
miolU = 42.1% mioU = 54.8% mioU = 60.9%
6th step -
mloU = 66.6% mloU = 64.2%
10th step o [
s
mloU = 60.7% mloU = 73.1% mioU = 67.0%
15th step ' -

&
mloU = 69.6% mloU = 74.4% mloU = 68.4%

Fig. 6. Optimization process of three selected model trucks.

Table 2 quantitatively summarizes the deviation of the reconstructed trucks as compared to the
ground truth. In the table, the dimensional error is the average relative error of six parameters
describing the truck dimensions, which are CW, CL, CH, BW, BL, and BH. The position error is
the Euclidean distance between the estimated and observed bucket rear left coordinates, and the
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directional error is the deviation of the rotation angle 6. The average dimensional, position, and
directional errors are 10.1%, 6.7 mm, and 0.7°, respectively. Fig. 7 shows renderings of the
reconstructed truck based on the input photos in the first column. The truck positions, postures,
and geometry estimated by Mono-Truck mimic the input views to a great extent, demonstrating
the effectiveness of the approach.

Table 2. Precision evaluation of the reconstructed trucks in lab tests.

Truck ID View "  Dimensional error (%) Position error (mm) Directional error (°)
Truck#1 1 7.8 8.2 0.7
Truck#1 2 6.4 6.3 0.6
Truck#2 1 4.7 6.0 0.8
Truck#2 2 11.1 4.8 0.7
Truck#3 1 8.5 1.9 0.7
Truck#3 2 5.5 59 0.8
Truck#4 1 15.6 12.8 0.7
Truck#4 2 15.8 7.2 0.6
Truck#5 1 12.3 9.8 0.6
Truck#5 2 12.9 3.9 0.7
Average 10.1 6.7 0.7

* Each truck is put in the experimental zone twice with different positions and direction, which is captured in two separate

photos (views).
Estimated
Dimensions:
CW: 26.3 mm
CL:223mm
CH: 30.7 mm

Truck#1_view#1
BW: 27.0 mm

BL. 46.0 mm
BH: 59 mm

Acwal

Dimensions:
CW: 26.0 mm
CL:20.0 mm
CH: 30.0 mm
B 30.0 mm
BL: 48 0 mm

BH: 5.0 mm

Estimated
Dimensions:

CW. 28.9 mm
CL: 26.8 mm
CH: 34.2 mm
BW: 30.5 mm
BL:52.4 mm
BH: 17.8 mm

Dimensions:
CW: 26.0 mm

BL; 50.0 mm

Estimated
Dimensions:
CW:26.3 mm
CL:22.3mm
CH: 30.7 mm
BW: 282 mm
BL: 46.0 mm
BH: 7.7mm

Estimated
Dimensions:

CW: 32.8 mm
CL: 29.6 mm
CH: 42.1 mm

Actual
Dimensions:
CW: 28.0 mm

CL: 23.0 mm

BW: 33.0 mm
BL; 80.0 mm
BH: 34.0 mm

Estimated
Dimensions:

CW: 28.8 mm
CL-22.7 mm
CH: 33.3 mm
BW: 30.4 mm
BL: 61.2 mm
BH: 22.5mm

Fig. 7. A selection of the 3D truck models reconstructed by Mono-Truck in lab tests, which shows
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the input photos (first column), plain computer graphics renderings (second column), and
photorealistic renderings (third column).

Field experiments

In this section, the Mono-Truck approach is evaluated with site photographs collected from a
construction waste sorting facility in Hong Kong. As shown in Fig. 8 (a), the facility has a camera
installed at its entrance to take photographs of incoming trucks. The used camera is a DS-
2CD2025FWD-IHONG KONG 4mm from Hikvision Digital Technology. The camera intrinsic and
extrinsic parameters are calibrated, respectively, with photos of a checkboard pattern (see Fig. 8 (b))
and selected reference points (see Fig. 8 (c¢)). Truck dimension estimation from the collected
photographs is of practical significance, as it can potentially help project managers determine the waste
volumes received by the facility.

© Reference points i

L Coordinate system ¢
P

(a) (b) | (c)
Fig. 8. (a) Camera setup in the field experiments; (b) Examples of checkboard pattern used to calibrate
the camera; (c) elected reference points to calculate camera extrinsic parameters.

4

Others
Gravel
Wood
Rock

(c) (d)

Fig. 9. An example showing how the DeepLabv3+ model trained in (Lu et al. 2022) is used for truck
region extraction: (a) input truck photo; (b) segmentation results with separate waste materials
recognized; (c) merging all regions as one unified truck region; (d) segment into cabin and bucket by
Hough line detection.

As presented in Fig. 9, the semantic segmentation results based on DeepLabv3+ in (Lu et al. 2022)
were used for truck recognition. The following post-processing adaption was implemented to meet the
requirements of Mono-Truck: first, all non-background pixels are merged into a unified “truck’ region,
as shown in Fig. 9 (¢); second, the bucket front boundary detection algorithm introduced in (Chen et
al. 2022) is used to segment the truck region into the “cabin” and the “bucket” , as shown in Fig. 9 (d).
The Mono-Truck approach is applied to reconstruct 64 trucks passing through the facility entrance.
Fig. 10 (a) shows examples of the recovered truck models (the second row) based on given truck photos
(the first row). The results indicate that the Mono-Truck can effectively reconstruct the 3D geometry
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of real-scale trucks from single input photos.

The bucket width estimated by Mono-Truck is compared with a baseline calculated based on a
previous method (Chen et al. 2022). As shown in Fig. 10 (b), the predicted width by Mono-Truck
follows a similar trend of the observed values, and for most cases the predicted and observed values
distribute closely. Compared with the baseline, which fluctuates significantly with the change of truck
plate number, the Mono-Truck appears more stable in predicting the bucket dimensions. The Mono-
Truck provides more precise width prediction than the baseline does in some cases, while in other
cases performed worse. As presented in Fig. 10 (c), the average relative error of Mono-Truck is 6.6%,
which is very close to that of the baseline (i.e., 6.0%). Considering that the Mono-Truck does not
require the bucket being the same height as the cabin, which is assumed by the baseline method, the
results demonstrate the promise of the newly proposed approach to generalize to broader application
scenarios without sacrificing precision.

(a) 190081885 190078503 190078852 190078886
PlateNo. BU***0 PlateNo. UU*** PlateNo. SY***6 PlateNo. MH***

BW: 2471 mm BW: 2387 mm BW: 2374 mm BW: 2640 mm
BL: 5457 mm BL: 5127 mm BL: 4974 mm BW |« BL: 6627 mm

BH: 1622 mm : BH: 1488 mm BH: 1525 mm BH: 2210 mm

e

(b) (C) B Quantity — —| Proportion
3500 0.80 25 ~-—- 100%
+... Baseline predict e Baseline errors --=--- Observed -

#* 90%
#  Average: 0.066 o,
’ Std Dev.: 0.053 0%
max Val: 0203 70%

7

min Val.  0.00 60%

50%

3000 - —— Mono-Truck predict === Mono-Truck errors.

20
2500

15
2000

Perceentage

10 40%
30%
20%
10%

0%

Width (mm)
Relative error
Num. of samples

1500 3

0.20 .
1000 | | l | | I l | | i
500 0.00 0

T T L L Y R Y

# # * * # * * ** * ¥ # * * * * * )
\g"\ <& ,x\q P P f \;\b LW & & KL g & <+ Q(‘ Truck PlateNo. " Relative error

Fig. 10. (a) Reconstruction results for real-scale trucks in the field experiments; (b) A line chart
comparing the bucket width estimated by different methods and the observations; (c) Histogram
distribution of bucket width estimation errors for the Mono-Truck approach.
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Fig. 11. Relationship between 3D reconstruction performance and semantic segmentation quality.

As the optimization target is to fit the semantic maps of the input images, the quality of semantic
segmentation (measured by mloU) is supposed to have a direct impact on the reconstruction error. To
investigate, the mloU of the predicted semantic maps for each truck was calculated relative to the
ground-truth human-annotated segmentation, and Fig. 11 shows its relationship with the corresponding
relative error. It can be observed that there is a clear trend of decreasing error with the improvement of
mloU. The R? between the two parties is 0.08, which is not high. This is understandable as the
correlation is not necessarily in a linear form, and there may be other factors contributing to the errors.
Nevertheless, the observation verifies our assumption, and indicates that the improvement on semantic
segmentation quality can potentially lead to more precise 3D reconstruction results.

DISCUSSION

Research significance and contributions

Truck 3D reconstruction from a monocular camera is a meaningful yet challenging task. It is
meaningful in a sense that no special and complex camera setup (e.g., multiple devices, and
overlapping FOV) is required, making it easy to deploy at scale. The challenge, nevertheless, is
the missing depth dimension when a 3D scene is projected onto a 2D imaging plane by the
monocular cameras, which cannot be compensated by diverse camera views from other angles. To
tackle the challenge, this study proposes a monocular approach that leverages parametric modeling,
computer graphics, and DFO to estimate 3D positions, postures, and dimensions of haul trucks.
The contributions are three-fold.

First, a novel Mono-Truck approach is proposed to reconstruct 3D haul trucks from a single image.
The approach innovatively formulates 3D reconstruction as an optimization problem, which differs
from previous analytical solutions based on the triangulation of designated feature points, making
the “lack-of-depth” issue solvable within given constraints. A truck parametric model is created to
describe its geometry, which is then rendered by OpenGL, a computer graphics engine, for
synthetic truck view generation. Mathematical formulas have been deduced to ensure the
equivalence of the synthetic renderings with real photographs. The truck parameters are iteratively
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optimized by particle swarm algorithms to fit the synthetic view with a corresponding target
photograph, which will provide the final reconstructed 3D truck at the end of optimization. The
Mono-Truck achieved a dimension estimation accuracy of 10.1% and 6.6%, respectively, in the
lab tests and field experiments, demonstrating its effectiveness.

Second, the study presents a scalable and easy-to-deploy solution to monitor onsite truck behaviors
for various value-added applications such as productivity analysis, and safety management. The
Mono-Truck approach does not require delicate calibration of external infrastructure such as stereo
cameras, camera systems with mutually overlapped FOV, or fiducial markers attached on
construction machines. Instead, only single monocular cameras are needed, which are ubiquitous
on existing jobsites, or at least are easy and inexpensive to set up. In the field experiment, the
Mono-Truck can estimate truck bucket width with a precision comparable to a previous baseline
method, despite relaxing the assumptions on the truck profile. This demonstrates that the proposed
approach can achieve high accuracy without relying on strong assumptions of the target problem
(e.g., assuming the bucket is with the same height of the cabin), making it generalizable to a broad
range of application scenarios.

Third, although the Mono-Truck approach is primarily proposed for haul truck reconstruction, it
is potentially extendable to other construction machines as well for their operation monitoring. This
is especially the case for articulated machines such as excavators, the tracking of which is critical
to prevent struck-by accidents and contact-driven hazards. With certain adaptions, the Mono-Truck
can be applied to estimate the 3D poses of articulated parts of the machines. For example, the
parametric model would need to be re-customized, so as to reflect the profile and degree of
freedom of the machines. In addition, excavation is performed in a relatively stable and limited
space, which is different from haul trucks; therefore, for such excavation scenarios, constraints of
the optimization problem would need to be re-defined.

Limitations and potential improvements

Although the Mono-Truck approach has demonstrated its effectiveness and promise via the
experimental studies, the following limitations should be addressed for further improvements. First,
although the Mono-Truck relaxes the assumptions on truck geometry, it implicitly assumes the
truck is on a flat horizontal plane. This, however, is not always the case, especially for earthmoving
projects where haul trucks usually operate on slopes. To accommodate these working conditions,
future research could consider pre-mapping the terrain to add extra constraints to the model. More
variables or parameters (e.g., truck angle with the horizontal plane) can be introduced to precisely
describe the truck pose on an uneven terrain. Consequently, complexity of the model is expected
to increase. However, by narrowing down the search space according to specific application
scenarios, satisfactory solutions should be reached within acceptable time consumption.

As an optimization-based approach, the required computation time for Mono-Truck is relatively
high. In this study, it took 50.5 s and 48.9 s in average to recover a 3D truck model from an input
image, respectively, for the lab tests and field experiments. The time performance is sufficient for
off-line applications, e.g., processing of a recorded video for productivity analysis. However, for
tasks that require immediate or even (near) real-time feedback, e.g., proximity monitoring, higher
efficiency is needed. As the visual data to process in such scenarios are usually video streams, the
spatial-temporal continuity across sequential frames can be leveraged to improve the efficiency
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(Brookshire 2014; Park and Brilakis 2012; Xiao and Kang 2021). In this way, a full-scale search
only needs to be implemented once for an initial frame; the optimization of subsequent frames can
be confined to a significantly reduced solution space, leading to the reduction of computation
complexity. In addition, the latest differentiable rendering techniques (Kato et al. 2020) can be
exploited to streamline the current “rendering + optimization” approach to an ‘“end-to-end”
pipeline, thus potentially reducing the time required for convergence.

CONCLUSIONS

Spatial 3D information of construction machines such as haul trucks is of significant value for
earthwork monitoring, productivity analysis, and site safety management. To efficiently acquire
such information, this study proposes a monocular vision approach, Mono-Truck, which can
reconstruct 3D truck position, posture, and geometry from a single image taken by monocular
cameras on site. Unlike prevalent learning-based or analytical solutions via feature triangulation,
Mono-Truck innovatively formulates the task as an optimization problem that aims to maximize
the alignment of a synthetic truck rendering with a target photograph. The proposed Mono-Truck
approach includes three core components: (a) parametric modeling to characterize key variables
that describe geometry, position, and orientation of a construction machine, (b) graphics rendering
that simulates the real pin-hole camera and allows the generation of plausible synthetic views, and
(c) derivative-free optimization for machine parameter calibration to recover its 3D pose.

To explore the Mono-Truck for truck 3D reconstruction, a typical haul truck is parameterized with
three aspects of variables, i.e., empirical, optimization, and derivative parameters. Theoretical
deduction was implemented to ensure truck synthetic views rendered by OpenGL are
mathematically equivalent to the real photographs. The equivalence relationship was empirically
proved by a lab-scale test, which demonstrated a 13-pixel deviation for an image of 1920x1080
resolution. A PSO pipeline is devised to calibrate the truck parameters, with a goal to maximize
the mloU within given constraints. Performance of the proposed approach was comprehensively
evaluated by lab experiments, showing a dimensional, position, and directional error of 10.1%, 6.7
mm, and 0.7°, respectively. The field experiments at a construction waste disposal facility in Hong
Kong reported a high precision comparable to a previous study, even though Mono-Truck does not
impose strong assumptions on the application scenarios.

The proposed approach can potentially be extended to the general machinery-tracking problem on
construction sites. However, further adaption is necessary to meet the varying case-specific
requirements, which, for example, includes parametric modeling of other equipment such as
excavators, or environment pre-mapping to accommodate uneven jobsite terrain. To enable (near)
real-time applications, efficiency of the approach needs to be improved. In this regard, the spatial-
temporal continuity across sequential video frames can be exploited to reduce the computation
complexity.
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