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Method and system for intelligent Crane Lifting

Field of the invention

The present invention relates to methods and systems for planning a crane lifting path
for moving an object using a crane. It further relates to systems and methods for
implementing the lifting. The invention can be used to implement maintenance services
for a plant in the petro-chemical, pharmaceutical and manufacturing industries, to

determine an intelligent crane lift plan, and thus improve the plant’s productivity.

Background of the invention

Modern petro-chemical, pharmaceutical and manufacturing plants are constructed by
computer-aided design (CAD) and typically represented by a plant design management
system (PDMS). During the life cycle of the plants, parts or objects of the plants need to
be replaced or changed for various reasons. Cranes are widely used to lift parts or
objects for plant maintenance service. Safety and productivity are two central issues
with any crane lifting job. Determining a collision-free lifting path of cranes is challenging

especially with highly complex plants.

Crane lift planning is determining a collision-free path or trajectory for the part or object
to travel from an original place to a destination by maneuvering the crane. Currently, a
crane lift plan is typically produced by a team consisting of a manager, an engineer, an
operator, a signalman and a rigger through trial-and-error based on their prior
experience. ldentifying a lifting plan involves the identification of a global optimal

solution from all possible collision-free crane lifting paths.

The maijor difficulty of crane lift planning lies in the high complexity of the plant. Collision
detection (CD) is a bottleneck problem for lift planning. Fast detection of possible
collisions between the moving crane (plus the lifted object/part) and the plant is highly

desirable, especially for a complex plant.
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Commonly used collision detection algorithms are categorized into two classes:
object-space algorithms and image space algorithms. The basic strategy of object space
collision detection algorithms is to compare pair-wise geometric primitives composed of
triangles. A robust way is to consider all possible pairs of primitives. This will work for a
small number of triangles, but if the objects have complex shapes or there are a large
number of primitives, it is hard to achieve results within an acceptable time. To improve
the efficiency, the object CD process is divided into two phases: the broad phase and the
narrow phase [1]. The major task of the broad phase is culling possible colliding pairs or
number of triangles for which it is necessary to perform a detailed test. This aim is
realized by introducing acceleration data structures such as bounding volume
hierarchies (BVH) [2-4] and spatial partitioning [5-7]. Ming C. Lin [8] suggested the use of
axis-aligned bounding boxes for collision detection which use a box that fully and tightly
contains the object to represent the object for collision checking. Octrees (octal
space-partitioning hierarchy) [5] is one example of spatial partitioning hierarchies.
Vemuri [8] in University of Florida utilized the Octrees instead of regular spatial grids in
collision detection for reduced memory cost and higher efficiency. The narrow phase
runs the same task as the previous method: detecting interferences between pairs or
groups of primitives. More efficient test methods such as separating axes tests,
separating plane tests and proximity tests may replace the direct test between vertices,

edges and faces [1-3].

Image-space collision detection algorithms explore computing platforms such as on
multi-core CPUs [10-13] and GPUs. Since 2003 researchers such as Fauer and
Govindaraju [1,10,14] have investigated the potential of relying on GPU platforms to
speed up collision detection, and have achieved impressive results. Most
hardware-assisted image-space collision detection methods make use of OpenGL
buffers such as a depth buiffer, a stencil buffer or a color buffer [14,15]. Cai, et al. [16]
proposed an image-space method using multiple projections to handle convex objects.
However, these methods require data read-back which is often time consuming due to
the asymmetric accelerated graphics port buses in common graphic cards. Moreover,
these methods can only be applied to convex objects. The algorithm relies highly on the
shape of objects. To achieve correct collision results for complex shapes, the number of

projection screens required could be very large.
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Lift planning of mobile cranes is traditionally conducted by big planning teams using
sketches and site investigations [17]. Several days would be spent on the planning
process doing investigation, sketching, discussion and confirmation. Interactive
planning software [18,20] may help to speed up the process by assisting in load
monitoring, ground pressure checking, rigging designing and so on. Automated lift
planning tools will bring tremendous improvement in the efficiency of lift planning. Reddy

[21] investigated the possibility of using of a genetic algorithm in solving the [ift planning

problem and shows a promising result. However, Reddy's algorithm is very

time-consuming thus is not applicable in real plants.

As noted above, using computer-aided design software, plants can be designed in as
digital form such as a Plant Design Management System (PDMS) or as a “Smart Plant”
(a similar standard used in certain states) before the physical version of the plants are
constructed. However, there exist plants with no CAD, PDMS or Smart Plant models
available. Lasers are increasingly utilized to scan such physical plants forming digitized
plants in the form of point clouds. GPU [22-25] technology can play an important role in

the digital representation of plants, cranes and loads.

By rasterization, plants in point clouds or PDMS/Smart Plant forms, can be converted to
depth maps. Through digital geometry processing [26,33-35], cranes in traditional CAD
form can be represented in meshes. Loads (objects or parts) before they are delivered
to a target site are usually modeled in CAD form, and thus can be converted to a mesh
representation through similar digital geometry processing. They can be converted to
GPU rasterized digital objects or parts once delivered to their destination.

Summary of the invention

The present invention aims to provide a new and useful method of planning an operation

of moving an object using a crane.

In particular, the method proposes a process of generating a crane lifting path in which

the data describing the plant and preferably the object, is presented
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in a rasterized format (that is, as a muiti-layer depth map), and the optimization is then
performed iteratively by generating and testing candidate crane lifting paths, using a
Graphics Processing Unit (GPU) to detect collisions between the one or more cranes

and the plant,

In preferred embodiments of the invention, the crane lifting path optimization is realized
by a novel parallel Genetic Algorithm, based on CUDA (compute unified device
architecture) programming. Note that the known methods described of using a GPU
described above, are for collision detection, not for path planning optimisation. The
known method of optimization using a genetic algorithm [21] was not parallelized, and
had a different formulation of the optimization problem from that of typical embodiments

of the present invention.

The invention may be used in plants for which a PDMS or Smart Plant model exists
including the location of an object to be movel. However, in many important applications
of the invention, such data describing the plant and/or the object does not pre-exist. In
this case, the invention proposes prior steps of laser scanning the plant, identifying the
object (preferably including extracting data about the objects from a database, where
available), forming data describing the plant, and a rasterization process of converting

the data into a format suitable for input into the GPU.

Preferably, the raterization process |
although in principle it can be performed first, i.e. such that the step of identying the

object uses the rasterized data.

Thus, one expression of the invention is a method of generating a crane lifting path

which includes the steps of:
1) laser scanning of a plant to generate one or more point clouds;
2) identifying objects to be lifted from the point clouds;
3) extracting further information about the objects from a database (e.g. a Plant Design

Management System), if one is available;
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4) rasterizing the laser scanned point clouds to generate digital data describing the
plant in digital format suitable for lifting path planning with the aid of a Graphics
Processing Unit (GPU); and

5) iteratively optimizing the a crane lifting path, including using the GPU to detect

collisions between one or more cranes, and the rasterized plant.

Preferred embodiments of the invention permit the intelligent planning of a globally
optimized crane lifting path through accurate lifting object identification, real-time
collision detection independent of the plant complexity, and global optimized lifting path

determination.

The accurate lifting object identification is achieved in preferred embodiments of the
invention by novel segmentation and pattern recognition techniques of digital geometry
processing. Real-time collision detection is guaranteed by GPU accelerated

rasterization which is independent on the plant complexity.

In embodiments of the invention, the rasterization process may be also performed by a
CUDA, using the GPU. This is in contrast to the known methods described above which
use OpenGL rendering, which also can generate depth maps but which read data back

to the CPU side. The present invention may avoid read-back.

Embodiments of the invention take advantage of digitization. With the aid of GPU, crane
lift planning becomes independent of the complexity of the plant. The GPU-enabled

digital plant representation makes collision detection extremely simple. In addition, GPU
technology enables parallelization to speed up the Genetic Algorithm based optimization

process which is traditionally computationally expensive.

By means of embodiments of the invention, end users may benefit from the solution to
shorten the operation time in plant maintenance, thus increasing productivity, and

improving worksite safety.
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The invention can be expressed as a method for generating a crane lifting path. The
method may be performed automatically; that is, without human involvement except

perhaps for initiating the method.

The invention may alternatively be expressed as a computer (such as a general purpose
computer) comprising a data storage device storing program instructions for
implementation by the processor to cause the processor to carry out the method, and
thereby output an optimized the crane lifting path. The system may further include the
crane itself, and the output crane lifting path may be transmitted to the crane, for

performance by the crane.

The invention can be applied to the field of maintenance service in petro-chemical,
pharmaceutical and manufacturing industries to determine an intelligent and optimal
crane lift plan, and thus improve their productivity. One potential commercial application
of the invention is to install a processor arranged to perform the invention in a crane. The

invention can also be used for safety training with crane operation teams.

Brief description of the drawings
An embodiment of the invention will now be described for the sake of example only with

reference to the following figures, in which:
Fig. 1 is a flow diagram of an embodiment of the invention.
Fig. 2 is a flow diagram showing in more detail certain steps of the method of Fig. 1.

Fig. 3 illustrates a digitization process for plant digitization (rasterization) using triangle

mesh.

Fig. 4 illustrates a digitization process used in the process of Fig. 2 using a point cloud

model.
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Fig. 5 is a flow diagram showing determination of an optimal trajectory for a trailer/long

vehicle (including cranes) between 2 endpoints in the road region of a plant.

Fig. 6 shows the work flow of a collision detection process.

Fig. 7 illustrates an iterative operation optimization step which is part of the process of

Fig. 1.

Detailed description of the embodiments

Referring firstly to Fig. 1, an embodiment is shown of the overall process carried out by
the invention. Although the explanation refers to multiple graphics processing units
(GPUs) it is to be understood that any number of GPUs may be used (including just one),
with the work being allocated between them appropriately on a time-sharing basis.

In a first step (step 1) there is a laser scanning of the plant to producé a “point cloud”,
showing the three-dimensional locations of points in the plant. In step 3, the objects in
the plant to be moved are identified, and any available information about the objects is
extracted from a database. In step 4 any available information about the plant (e.g.
PDMS or Smart Plant) is extracted from a database and used to refine the point cloud.
The result (or the point cloud itself if there is no such available information) is referred to

as the “digital map” of the plant.

In step 4, the results are rasterized (this process is also referred to here as “digitization”)

to produce a well-formatted multi-layer depth map.

The result is used for three processes: driving trajectory planning optimization (step 5) in
which the motion of the crane as it is driven along pre-defined road regions within the
plant is planned; liting path optimisation (step 6) including using a GPU to detect
candidate lifting paths which cause a collison; and real time collision detection as the

object is moved (step 7).
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Steps 1 and 2 for identifying the object to be lifted are illustrated in more detail in Fig. 2.
The object can be represented by either a PDMS (or Smart Plant) or a Point Cloud. As
noted above, the embodiment starts with a real plant 101, which is subject to laser

scanning 108 to generate point clouds of the plant 102.

In step 1, the point clouds are used to identify a specific object/part to be removed from
the plant. First, in a manual process (performed for example with a mouse) strokes 103
are interactively introduced, to approximately segment the specific object/part from the
point clouds based GPU plant. This is typically the last stage of the embodiment which
involves human iteraction, and the following steps are performed automatically.

The segmented object/part 104 is then used to search 105 for the corresponding
object/part in a PDMS/Smart plant database of the plant 107 (when available). Least
squares fitting is performed to identify the best match of the complete object/part 106 in
the PDMS plant.

In step 3, the point cloud and any available data are combined to produce a “digital

plant”.

Note that all of steps 1, 2 and/or 3 may be omitted in the case that the respective data is
already available; for example, if PDMS or Smart Plant data exists fully describing the

plant, including the location of the object.

The results of these process are then rasterized in a rasterization step (step 4) to

generate a multi-level depth map.

Fig. 3 illustrates the rasterization process for a triangle mesh based digital models, such
as a CAD model of the cranes or PDMS/Smart-Plant data which is in the form of a
triangle mesh. The inputs to the process are represented as a digital plant 301 and
triangle mesh 302. In this case, digitization contains two phases: triangle analysis and

triangle rasterization. The triangle analysis stage 303 prepares information of triangles
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that is needed for triangle rasterization including their correspondence with pixel blocks
and edge function parameters. This process is handled in a GPU 307 with each thread
dealing with one triangle 304. The triangle rasterization phase queries through all pixels
in the corresponding pixel block. Barycentric coordinates of the pixel position are
calculated 305 by solving a linear equation system. The coordinates are used for
interpolating 306 the depth value of the pixel position on the triangle. In this stage, each
triangle is handled by one GPU thread warp with threads in the warp querying pixels in

parallel.

For point cloud digital models such as those generated by laser scans, a similar
digitization process is applied as illustrated in Fig. 4. The plant cloud 401 encoding the
plant is sub-divided 402. Then each GPU thread of a GPU 405 deals with one respective
3D point, calculating 403 its nearest pixel and storing 404 the depth value in a depth map.
To make sure that the depth value stored in the depth map is the highest one, atomic

memory synchronization is applied in the GPU function.

The general procedure for determining an optimal trajectory for a trailer/long vehicle
(including cranes) to travel between a start point and an end point in a road region of a

plant (step 5) may be summarized in Fig. 5.

The starting point of step 5 is the result of the process of step 1 (which is denoted in Fig.
5 as steps in which the real plant 201 is scanned using a laser scanner 208 to generate

point clouds of the plant 202) and the rasterization process (step 4) denoted as 203.

In step 5, seed setting is performed 204 in the road region interactively, followed by a
seed growing process 205 to cluster the road region. A medial axis 206 is generated
from the clustered road region. An optimal trajectory 207 is then computed based on the
medial axis and the clustered road region for the trailer/long vehicle to travel between

two endpoints.

Before discussing step 6 (the lifting path planning), we will discuss, with reference to Fig.
6, a collision detection process which is used both in step 6 and to perform step 7 (real

time collision detection).
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With a GPU digitized plant, crane and load data readily available, collision detection
becomes crucial when using a crane to lift a load in a plant. GPU technology can be
used to determine collision-free lifting paths in real-time. Due to GPUs’ naturally
parallel-styled design, the embodiment uses a General Purpose GPUs (GPGPUs) given
the complex nature of the plant environment. The embodiment uses CUDA (Compute
Unified Device Architecture) APIs (application programming interfaces) to implement the
approach for easy GPU memories allocation and parallelization [24]. The embodiments
combine an oriented bounding box (OBB) technique and depth map for collision
detection. The GPU permit real-time runtime collision checking. Here the digitized plant,
the digitalized crane, and the digitized load make the collision detection extremely
simple and effective. A major advantage of our approach is that it is independent of the

complexity of the plant.

In the beginning of the collision detection process, all the OBBs of crane components
501 are updated 502 according to transformation matrices. Then a GPU kernel is
launched to compute 503 the pixel block correspondence and the bottom faces of the
OBBs which are frontiers of collision with the depth mask. Then a GPU kernel 504 is
launched with threading corresponding to pixels. This is performed using a GPU 507.
The threads compare 505 information in the depth maps with frontiers of the OBB. Once
contact happens between the faces and the depth mask, the kernel will report 506

collision and related information.

Note that when an object has been lifted by a crane then it is considered part of the

crane, and the OBB of the crane is modified accordingly.

The algorithm above can also be used to detect not just actual collisions between the
cranes and the plant, but to obtain numerical values for proximity (this option is used
when step 6 is performed). It is done by imagining, for each crane, a set of nested OBBs
which are identical in shape, and centred on the same position, but which differ in size.
The smallest of the OBBs is the original OBB of the crane (plus any object the crane is
carrying). If the process of Fig.5 discovers that this OBB does not suffer a collision, but

that a collision occurs if the smallest OBB is replaced by an OBB which is at least a



10

15

20

25

30

11

certain amount larger, then the proximity of the crane to the plant can be determined,

and is denoted by a value p.

We now turn to a description of the step 5 of Fig 1: automatic determination of the global
optimized crane lifting path. A detailed flow diagram of this step is provided in Fig. 7.

A Genetic Algorithm (GA) is used to solve many global optimization problems [27-32]. In
the present embodiment, a master-slave parallel GA is chosen to fulfill the task of fast
global optimized lift planning. The overall procedure of GA is controlied by a CPU while
computational intensive parts, especially collision detection, are handled by parallel

threads.

Referring to Fig. 7, inputs to the process include crane information 601 (e.g. the boom
length, operation limits and OBB). These are used to generate 602 an initial population
of candidate crane lifting paths. A GPU 608 then performs fithess evaluation 603 using
an objective function. The candidate crane lifting paths which are found to have high
fitness are used by a GPU 609 to provide selection and cross-over 604. There is then a
mutation step 605, also done by the GPU 609. In step 606 it is determined whether a
termination criterion is met. If so, the candidate fitness algorithm with the highest fitness
score is labeled as a “pass” result, and is the final result 607 output from the embodiment.
If not, the optimization process reverts to step 603, using the new candidate crane lifting

paths generated in steps 604 and 605.

In the fitness evaluation, each candidate crane lifting path is represented as a linear
chromosome in a GA. Each candidate lifting path is represented as a linear chromosome
with n genes, labeled by i=1,...n, where n is the number of operations of the candidate
lifting path. Thus, each gene represents a single operation carried out on the object by

the crane, so that the lifting path is the series of the successive operations. Each gene

(say the i-th gene) consists of three parameters, and is represented as (a2, ,1,').

and ¢, denote the total amount of swinging and luffing the object has experienced

following the i-th operation.
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The GA uses an objective function. The objective function of the optimization problem is
characterized by various factors including complexity of operations, time, energy cost,
and safety risks. The motion of lifting operation can be furthered divided into various
types.

First, there is a motion cost C,,,., of the operation trajectory, defined as:

otion

C

Motion

L=y
i=1

=weLs+w, L, +w,L,(+w, L) (1)

a.—ail, where *e {S,L,LS}

L, = Zn Myi_ﬂﬂi_l |
The final term is a cost related to load swinging. It is shown in brackets because it is only

applicable for an operation at a time when an object is carried by the crane. For such

operations an additional parameter is added to the i-th gene. w,,w, ,w, , w, represent

the weight for swinging, luffing, hoisting, and load swinging, respectively.

Second, there is a time cost which consists of both operation time and operation
switching time. The time cost of a specific operation is decided by both the angie or
length changed and the speed of the operation. The cost can be represented as:

Crime = Lg 1 vg+ L, /v, + Ly, /v, (+L,5 /v5)+ Nyt (2)

Time

Again, the term involving L s/V|s is in brackets here to indicate that it is only applicable

when a load is being carried. Here C,, . denotes the time cost of the operation trajectory

and vg,v,,v,, v, stand for the speed of swinging, luffing, hoisting and load swinging
respectively. y and ¢, represent the number of operation switches and the time cost for

each switch. Note that y is at most equal to n.

Safety risk concerns the proximity of the crane to the plant structure and can be
represented as:

:ﬁ: 2(p(B)) where p stands for the proximity obtained using the method of Fig. 6

i=0

CSqfea'

and g is an increasing function.
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Continuous modeling of the risk is performed using an accurate proximity test.
Discretizing the proximity can simplify the modeling. Multi-level proximity information can
be obtained from the collision detection algorithm. Thus we can define the safety risk by
making use of this information:

0, distance to plant > 300cm

CSaf'ety =

¢, 300cm >distance to plant >100cm (3)
¢,, distance to plant <100cm

Cs,.y TEPTrEsents the cost brought by safety risks. ¢, and c,are some constant value

where ¢, >¢,.

Combining equations (1), (2) and (3), we obtain the representation of the objective
function of the lift planning problem:

F(S0) = Chsaion * Crime * Cqy (4)
In sub-step 604, roulette wheel selection is applied on strings with the same fitness value.
The genetic operators involved are parameter-based crossover which selects better
genes from parents and embeds them in the offspring locus. In sub-step 605 both
normal independent mutation and a smoothing mutation are applied. The smoothing
mutation takes a convex combination of neighboring genes and replaces the original

gene at the locus.

Note that this optimization process again takes advantage of GPU technology for high

performance through parallelization.
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Claims

1. A method of generating a crane lifting path describing the motion of a crane carrying

an object within a plant, the method comprising:
(i) forming a model of a plant and a model of the crane, wherein the model of the

plant comprises a multi-level depth map containing rasterized data;
(ii) iteratively optimizing a crane lifting path describing a motion of the crane within

the plant,
the iterative optimization being performed using the models and at least one

graphics processing unit (GPU), to detect coliisions between the crane and the plant

if the crane follows the crane lifting path.

2. A method accoridng to claim 1 further including, before steps (i) and (ii), the steps of:

laser scanning the plant to generate one or more point clouds;
using the point clouds to identify an object to be lifted by the crane; and
rasterizing the laser scanned point clouds to generate the model of the plant.

3. A method according to claim 1 further including extracting further information about

the identified objects from a database.

A method according to claim 1 in which the iterative optimization algorithm is a

4,
hich a plurality of candidate crane lifting paths are evaluated using

genetic algorithm, inw
an objective function, and according to the results new candidate crane lifting paths are

generated until a termination criterion is met.

5. A method according to ciaim 4 in which the objective function of each candidate
crane lifting path is a function of at least one of (i) a motion cost indicative of a total
distance included in the candidate crane lifting path, and (ii) a time cost indicative of a

time taken to implement the candidate crane lifting path.

6. A method according to claim 4 or 5 in which the objective function of each candidate
crane lifting path further includes a safety cost indicative of the proximity of the crane to

the rasterized plant when implementing the candidate crane lifting path.
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7. A method according to any preceding claim in which, to describe a portion of the
crane lifting operation in which the crane is lifting an object, the model of the crane is

modified to be a model! of the crane and the object.

8. A method accoridng to any preceding claim in which the model of the crane

comprises an oriented bounding box of the crane.

9. A system comprising a processor and a data storage device storing computer
program instuctions, the instructions being operative, when performed by the processor,
to cause the processor to perform a methed according to any preceding claim, to

generate and output a crane lifting path.

10. A system according to claim 9 further comprising at least one crane which is

configured to implement the crane lifting path.

11. A system according to claim 10 in which the crane is provided with a GPU arranged
to detecting real time collisions between the crane and the plant using a model of the

crane and a multi-level depth map of the plant.



