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Abstract 
Planning is the task of putting together a sequence of actions that takes a start state to a 
goal state. Since planning is a crucial part of human intelligence it is also a crucial part of 
artificial intelligence. As with human planning there are many different ways of AI 
planning and many different problems to plan. This thesis aims to discover how well a 
specific way of AI planning performs on a specific sort of problem. The planner that was 
investigated is called the POPF planner which is a forward-chaining partial-order 
planner which is an attempt at merging two different ways of planning. This was done to 
see how well this relatively uncommon method of planning compares to other more 
traditional methods of planning such as forward-chaining planners when solving a flow 
shop problem. A flow shop problem is a problem regarding minimizing the idle time for 
a facility that contains a number of m machines that need to do n jobs. Each of the n jobs 
1…n have to be processed on m machines 1…m in that order. Tests were done to see 
how the POPF planner performed in comparison to planners that work differently. This 
was done by creating a flow shop problem suitable for testing and then testing the POPF 
planner on the problem and comparing the results to two other planners. The other 
planners being the COLIN and TFD planners which both work differently from each 
other and the POPF planner. Suggestions were also made for how the POPF planner 
could potentially be improved using additional methods such as landmarks. The results 
of the test show that the POPF planner is better than the COLIN planner and as good if 
not better than the TFD planner depending on the complexity of the problem. An 
additional test was done using the POPStar planner that specializes in the sorts of 
problem that was created for testing. This POPStar planner outperformed the other 
planners as expected but it loses in flexibility since it cannot solve problems defined in 
PDDL. The final results show that the POPF planner performs on a similar level to other 
general planners when it comes to solving flow shop problems while still having some of 
the benefits of being a partial-order planner such as being more flexible than a totally-
ordered planner. 
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1. Introduction 
Efficiency is one of the modern manufacturing industries highest priorities. It gives 
higher throughput, faster manufacturing times and reduces resource usage which 
lowers costs. How then, is efficiency achieved? One way is through planning the different 
elements of the manufacturing process such as how to get the needed resources and 
how to make the product.  This report focuses on describing how an AI tool called a 
“Planner” can help with planning the manufacturing process. 
 
The manufacturing problem to be solved in this report is the making of a product with a 
number of machines in a factory also known as a flow shop problem within the field of 
planning. The flow shop problem is a very difficult problem to solve optimally and 
ongoing research is being done to create new and better ways to solve it. In this report 
research into using a forward-chaining partial-order planner to solve flow shop 
problems is done. 

2. Background 
This part of the thesis concentrates on explaining important concepts in the area of AI 
planning that are needed to understand this thesis fully. Explained concepts are the 
ground principles for planning and how it works as well as a more detailed explanation 
of the subjects this thesis touches upon. 

2.1 Planning 
Planning is the act of creating and organizing a sequence of actions that will solve a 
problem [1]. Humans plan on all scales every day, from planning how to drink a glass of 
water to planning a vacation, making planning a very important part of our everyday 
lives. As such planning is also a critical part of artificial intelligence. 
 
Planning in AI is assembling a plan that consist of a set of actions and states where every 
plan starts from an initial state and contains a set of actions to perform to reach the goal 
state. Most of the planners that exist today are inspired from a planner called STRIPS [2].  
STRIPS is also used to refer to the formal language the planner used to represent its 
problem and it is the language most modern problem definition languages are based on. 
 
The different states in the STRIPS language are represented as conjunctions of fluents (a 
boolean predicate) such as At(Book, Table) ∩ At(Clock, Wall) to represent a state where 
there is a book on the table and a clock on the wall. 
 
An action is represented using an action schema that describes the action. An action 
schema defines the actions variables, preconditions and effects. The preconditions 
contain a conjunction of fluents that defines a state that the action can be executed in 
and the effect defines what happens when the action has been executed. As can be seen 
in Fig 1 an action schema looks and executes similar to a method in the C programming 
language. 
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Figure 1: Picture of a representation of an action schema. Precond is the preconditions that need to be 
fulfilled before the action is allowed to execute. Effect is what will change when the action executes. 

When an action is executed a new state is created that contains the changes that were 
made. An action call for the fly action would look like this: fly(P1, North, South), it 
replaces the variables in the action schema with the specified variables in the action call. 
For the action to execute the precondition needs to be true in the current state, in this 
case Plane(P1), Airport(North), Airport(South) and At(P1, North) need to exist in the 
current state. The effect would then be to make At(P1,North) false and (P1, South) true 
to represent that the plane flew from airport North to South. 
 
A set of actions that can be performed and an initial state and a goal state is called a 
problem domain which defines the problem and what actions the planner can use to 
solve the problem. An example of a problem domain would be the Block World problem 
[3] that defines a problem consisting of stacking blocks in the right order. 
 
The Planning Domain Definition Language (PDDL) [4] is a standardized language for 
defining domains, it was created for the International Planning Competition in 1998 and 
is used to define problems for most modern planners. PDDL has since its invention been 
updated several times [5], [6] to further improve the competition. PDDL is the language 
that will be used to create problem domains in this thesis. 

2.2 Planning concepts 
There are many different kinds of planners and planning problems [7] and as such it is 
also a big subject. In this section some of the different concepts in planning that is 
relevant to the work will be explained. 

2.2.1 Forward search (progression) 
A progression planner or forward planner searches from the initial state by applying 
actions that can be applied in the current state until it reaches the goal state. Depending 
on the problem size, this can take a very long time and as such needs a good heuristic to 
select the correct paths to the goal state. 

2.2.2 Backward search (regression) 
The regression planner does the opposite of a progression planner and starts from the 
goal state and works itself backwards by regressing through states. The regression is 
done by searching for actions that could have caused the current state. Backward search 
keeps the branching factor smaller in most cases and can as such be useful in problems 
with a high branching factor. 

2.2.3 Search Heuristics 
Heuristics are used to make searching through states more efficient by avoiding paths 
that are not needed. The heuristic function in planning is often done by estimating the 
distance from one state to the goal state and can be used to check which path is shorter 
when searching through the different states [1]. This can be done by creating a relaxed 
problem that is easier to search through than the original problem. 



 7 

 
An example of a simple heuristic is executing the action that makes the most progress 
towards the goal state. This can be measured in different ways but one way is to 
compare the current states fluents against the goal states and looking for an action that 
makes it so more fluents match. 
 
Heuristics is one of the areas in planning that can and is developing fastest since it is a 
crucial part of making a planner faster and more accurate. Since a lot of research is 
conducted in the area there are also many different variants of heuristics that are used 
in many different planners [8]-[16]. 

2.2.4 Partial order planning (POP) 
So far only totally ordered planners have been described which start planning in one 
end of the plan and continues until the goal state is reached. This causes the plans to be 
linear and can therefore not perform different actions at the same time on for example 
two isolated sub-goals which causes them to be less flexible [17]. 
 
Partial order planning works by defining which actions have to come before other 
actions such as having to get in the car before driving to a location and having to be at 
work before starting to work. By doing this several independent sub-goals can be 
planned in a nonlinear way since the two subgoals don’t have to be completed in any 
particular order [16]. The fact that the planning is nonlinear also causes it to be slower 
in most cases, making it only useful in cases where flexibility is needed [17]. 
 
Partial-order planners are also known to be more readable by humans than most other 
planners and is used in Mars rovers whose plans have to be controlled by people first 
before executing [1]. Since partial order planners work differently from totally ordered 
planners they also use different heuristics [10], [12]. There have however been attempts 
to unite totally and partially ordered planners, resulting in a hybrid with elements from 
both [16]. 

2.2.5 Scheduling 
Scheduling is the act of creating a schedule. A schedule is a plan that has resource or 
time constraints such as an action taking a certain amount of time to execute. This in 
turn restricts the fastest possible time the plan can be completed in. The time it takes for 
a plan to execute is called a makespan. The task of planner that is making a schedule is 
often to make the makespan as short as possible since it one of the easier ways to 
determine how good a plan is [1].  
 
Scheduling can also take into account the amount of resources that are accessible. An 
example would be a problem where 100 packages are to be moved to another location 
while only 2 trucks are available and every truck can only move 10 packages at a time 
and moving the packages with the trucks also takes time. By implementing these 
resource restrictions a more accurate simulation of real world problems can be 
achieved. Planners can also be tasked with minimizing resource usage instead of or 
along with minimizing makespan [1]. 
 
These resource and time constraints are represented using numeric fluents which are 
state variables that are numeric and not only boolean so that they can keep track of 
resources. Numeric fluents also enable change over time effects such as filling a bucket 
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of water over time [16]. They also introduce more complexity to the problem which in 
turn makes the problem harder to solve. 

2.2.6 Flow shop problem 
A flow shop problem is a problem regarding minimizing the idle time for a facility that 
contains a number of m machines that need to do n jobs. Each of the n jobs 1…n have to 
be processed on m machines 1…m in that order [18]. The problem is NP-Hard and can 
therefore be very difficult to solve without the right technique [13]. There already exists 
optimal solutions for flow shop problems with small variables [19], [20] but since the 
problem becomes more complex with bigger variables it also becomes harder to solve 
which creates the need for better planners. 

2.3 POPF Planner 
The POPF planner [16] is the forward-chaining partial-order planner that will be used in 
this thesis. A forward-chaining partial-order planner combines the two elements of 
forward search and partial-order planning creating a hybrid. The main reason to do so is 
to combine the flexibility of partial-order planning with the speed of forward search. 
 
The POPF planner is built on the COLIN planner [21] which also gives it support for 
continuous numeric linear change which means it can support actions that take effect 
over time. Since partial-order planning does not mix well with continuous numeric 
linear change some compromises had to be made to make it work like a partial-order 
planner [16] making certain parts of plans totally ordered. 

3. Research goals and Methodology 
In this part of the report the goals of the thesis will be introduced and explained as well 
as with what methodology these goals will be reached. 

3.1 Problem and goals 
The purpose of this thesis is to see how the POPF planners unique way of solving 
problems performs when solving flow shop problems. This thesis therefore focuses on 
testing the POPF planner on a flow shop problem and comparing the results to other 
planners. 

3.1.1 Subgoal 1 
Since the flow shop problem category includes several different problems and the thesis 
is time limited it is important to decide a limited amount of problems to test and how to 
test them on the POPF planner. The first and most important subgoal is therefore to find 
out if the POPF planner can in fact schedule flow shop problems and implementing them 
in PDDL or another similar planning domain language that can be used to test if the 
planner can solve the problems. 

3.1.2 Subgoal 2 
Since planning is such a broad area and there are so many different planning problems 
there exists many generic planners that focus on solving as many different problems as 
possible. Since there are so many different problems there are also many planners that 
specialize in a certain kind of problem, for example flow shop problems. The second 
subgoal is therefore to investigate how the POPF planner works and how it can be 
improved when solving flow shop problems. 
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3.1.3 Subgoal 3 
In a factory where there are many flow shop problems efficiency and pace is something 
very important that needs to fulfill a certain standard in order for the products to sell at 
a profit or to set competitive prices. Consequently it is important that the planners used 
in such an environment are good. As such the third subgoal is to find out if the planner 
can handle making plans with a minimal makespan and how well it performs on flow 
shop problems compared to other planners. 

3.2 Methodology 
The methodology for the first subgoal will consist of looking at different standardized 
flow shop problems and deciding which ones to use for testing, if the research suggests 
it some problems might also be created for better testing. The subgoal also demands 
some understanding of PDDL in order to create these problems. 
 
The second subgoal will require a more detailed look into the planner and how it works 
in order for a proposal of possible improvements to be created. Research into how 
different planners improve their results could also be necessary to find suggestions on 
how the POPF planner could be improved. 
 
When solving the third subgoal information on how different planners perform when 
solving flow shop problems would be needed to compare with and research on how to 
perform the tests in the best possible way would also be needed. 

4. Implementation 
This section of the report describes the implementation of the flow shop problem 
created for later testing, a more detailed explanation of POPF and how the tests on the 
planners are to be done. 

4.1 Subgoal 1 
Since no existing flow shop problem could be found that fit the criteria a problem was 
created from scratch. General planners can as to be expected solve most problems and 
since POPF is a general planner it shouldn’t come as a surprise that it can solve the flow 
shop problem created for testing in this thesis. 
 
Creating over all conditions in PDDL is one of the shortcomings of POPF [22]. This 
condition was used early on in one of the problem definitions which resulted in having 
to change the PDDL syntax in the flow shop problem that was created for this thesis to 
work around the issue. 
 
To learn how to use PDDL several online tutorials were used along with looking at 
similar PDDL problems and how they were implemented such as problems from the 
International Planning Competition [23]. 
 
The flow shop problem that was created for testing in this thesis consists of a robot 
moving parts between machines that need to process the parts in order from the first to 
the last machine.  
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The solution to the problem is for all machines to process all parts in order from the first 
machine to the last machine (M1..Mn) and for all parts to be at the end location, the parts 
do not need to be completed in order. Part 3 can for example be completed before part 1. 
There is a subset of flow shop problems called permutation flow shop problems where 
processing objects in a certain order is necessary which might be worth looking into in a 
future work [15]. 
 
The robot in the problem consists of a main body with two arms each arm can hold one 
part at a time and parts are moved between different locations by being picked up by an 
arm, moving the robot to the desired location and then putting down the part. The 
action to pick up and put down parts needs to be completed in order for the robot to 
move and the robot can only move to adjacent locations. In the problem example in Fig 2 
the robot can only move to the locations “Start” and “Stage 2” from its current location 
“Stage1”. If the robot wanted to move to the “End” location from “Stage 1” it would first 
have to move to “Stage 2” which is adjacent to the “End” location. It is NOT possible to 
move directly from the “End” location to the “Start” location.  
 
Each machine can have a different processing time, can only process one part at a time 
and is stationary at its assigned location, “Start” and “End” cannot have machines at its 
location and all locations besides “Start” and “End” can only have one part present at a 
time. This means a finished part has to be picked up before a new one can be put down 
and processed. If a location could have more than one part per location it would be 
called having a buffer. 
 
The cases that were made were that a problem could have 1-5 machines and 1-5 parts 
that needed to be processed by all the machines in the problem. Fig 2 depicts a problem 
with 2 machines and 5 parts the most complex problem has 5 machines and 5 parts and 
the simplest problem has 1 machine and 1 part. 

 
Figure 2: An illustration of the flow shop problem that was created consisting of 2 machines and 5 parts. Start, 
Stage 1, Stage 2 and End are the different locations. P indicates a part and M a machine.  
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4.2 Subgoal 2 
The POPF planner is based on a forward-chaining total-order planner called COLIN [21] 
which supports temporal continuous numeric effects. The planner is modified in such a 
way that it uses the concepts of partial-order planning as much as possible such as least-
commitment planning. 
 
Least commitment planning is the concept of committing as little as possible to a certain 
action. An example would be knowing that an action needs to be executed at some point 
during the plan but not committing to when in the plan it is placed [1].  
 
As mentioned earlier the planner is not entirely partial-order but instead implements 
the concepts of partial-order as best possible. Such as implementing the concept of least 
commitment with forward-search trying to remove the weakness of partial-order which 
is speed [1]. 
 
POPF produces several plans and not just one. After a plan has been found the planner 
continues to search for a plan with a shorter makespan than the ones already found. The 
planner also collects and uses relevant data that was acquired planning earlier plans 
[16]. 

4.3 Subgoal 3 
To find out how well the POPF planner operates other planners to compare it to are 
needed along with a test environment. The planners used in this comparison is the 
COLIN [21] planner which POPF is based on and a planner called TFD (Temporal Fast 
Downward) [24]. The COLIN planner was chosen to see if POPF was any better then 
COLIN and TFD was chosen because it was a forward-searching planner that had very 
good results that the POPF planner could be compared against. Another factor that lead 
to these two planners being chosen for testing was that they were relatively easy to 
setup and run. A test environment was also developed based on the one used in the 
International Planning Competition which will be explained in the evaluation chapter. 

4.3.1 COLIN 
The main goal of the COLIN planner is to handle continuous linear numeric change 
meaning actions that change the state of the plan over time [21]. The use of being able to 
handle continuous linear numeric change is to be able to solve real life problems that are 
affected by time which was why COLIN was created. The COLIN planner only produces 
one plan and does not try to look for any plans after that like the POPF planner. This is 
one of the improvements POPF has done over COLIN [25]. 

4.3.2 TFD 
Temporal Fast Downward is basically a version of the Fast Downward planner that can 
handle temporal and numeric change [24]. The planner it is based on called Fast 
Downward [26] builds on concepts from the Fast Forward [9] planner such as heuristic 
search along with some new concepts. The planner instead of working with a PDDL 
representation of the problem converts the PDDL problem to another format that is 
simpler to solve using heuristic search [26]. The TFD planner similarly to POPF can 
produce several plans where each plan has a shorter makespan than the previous. 
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4.3.3 Evaluation setup 
How do you decide what is a good planner? In this report a combination of different 
measurements will be used such as the makespan of the planners plans and the time it 
took for the planner to make those plans. Other less obvious things such as how the 
planner uses the available memory and interprets the problems will also be considered. 

To easier interpret the results of the tests a program based on code provided by the 
supervisor was made that converts the results of the planners into a Gantt chart, see Fig 
3. The chart makes it easier for a human to see different patterns in the plan such as how 
much parallelism there is in the plan while also leaving out some information which can 
be seen in the original output of the planner in Fig 4. The original output takes longer to 
interpret but contains more information than the Gantt chart which can sometimes be 
useful when searching for problems in the plan. 
 
The Gantt chart consists of several rows representing actions being done by the object 
on that row such as machine 1 or arm 1. The bars represent a planned action, in the case 
of machine 1 and arm 1 these actions would be processing a part, picking up a part and 
putting down a part. The different colors for each bar represents which part the action is 
being executed on. In the case of the robot the bars represent the robot moving between 
locations and as such has a different color that does not represent a part. 
 

 
Figure 4: The picture shows part of the POPF planners solution to one of the problems where there are 2 
machines and 3 parts. Each row represents an action when it starts and what variables it had as input along 
with how long it lasts. 

Figure 3: A Gantt chart of the POPF planners solution to one of the created problems. The different rows in the 
chart represent an entity in the plan and the bars represent when an action is planned. Each color represents 
the part the action is being carried out on. 
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5. Evaluation 
In this chapter the results achieved for each goal will be presented and discussed along 
with a comparison of the results to a planner specialized in the kind of problem that was 
planned. 

5.1 Subgoal 1 
Several different versions of the problem definition was made to see which one was 
most efficient to solve. These differentiated mostly in the PDDL syntax and variable 
values since these can significantly affect the performance and results while the overall 
design of the domain and its problems remained the same. 
 
The first definition of the problem made the machines processing time too short relative 
to the time it took to pick-up and move the parts which made it hard for the planners to 
differentiate themselves since it was not possible to do much optimization for the 
planners and the solutions were mostly sequential.  
 
The second version of the PDDL made the machine processing significantly longer to 
give the planner more time to move around pieces for more optimization and 
parallelization. This did create some parallelization but not nearly close to the optimal 
solution and most of the time the robot was idle when it could have been moving pieces 
around. This and the first version also had some issues with how the goal state was 
defined which was fixed in the third version. 
 
The third definition of the problem fixed the problem that was causing most of the 
optimization issues. These were caused by a poorly defined goal state which looked like 
in Fig 5 which in essence says that all parts need to be processed by all machines and be 
at the end location in order for the problem to have been solved. 
 
The lines that were causing problems was “(at part end)” which says the part needs to 
be at the end location for the problems to be completed. Since there is no way to set a 
priority on goals the planners would try to complete this in the middle of the plan and 
thus not utilizing the time optimally by moving not completed parts to the “End” 
location since it was a goal in the goal state that needed to be completed. 

 
Figure 5: The first goal state which were causing the planners to behave inefficiently. 

This was fixed by making it like in Fig 6 where it instead says 3 none specific parts need 
to be at the “End” location for the goal to be fulfilled and since 3 is all parts in this 
example the planner needs to put all 3 parts at the “End” location for the goal to be 
fulfilled. This is the same as the earlier version without the planner trying to move the 
parts to the final location prematurely. 
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Figure 6: The fixed goal state which fixed the issues caused by the previous versions of the goal state. 

The final version that was made just changed some values around of the third version to 
achieve a more tightly knit solution that needs to use its time more sparingly than the 
third version. This was done because the third version had an overcompensation for 
time for each machine to run so the planners didn’t need to be very optimal with how 
they moved the parts before the next part needed to be processed on the machine. The 
final version also has varying processing time for each machine which the previous 
versions didn’t have to see how the planners handle the varying times. 

5.2 Subgoal 2 
There are many different planners out there that work in many different ways and try to 
improve on different planning methods. And since almost all planners are different in 
some way you can look at other planners when trying to improve your own. There is of 
course also the method of trying an entirely new way to improve a planner that has not 
been done in any earlier work. 
 
In this report the research into how the POPF planner could be improved when solving 
flow shop problems was done by looking at other planners and how they solve similar 
problems. Two suggestions were produced that will now be explained. 
 
The first suggestion as to how to improve the planner is using something called (ACP) 
Automated Cyclic Planning [27]. This makes something called a cyclic plan that repeats 
some sort of pattern in the plan. So if for example you were going to plan the production 
of 5 objects that were produced exactly the same way, instead of planning the objects 
one after the other you could plan the production of one object and then repeat that plan 
5 times to achieve the same results with about a fifth of the work.  
 
There is of course some overhead when doing this but it more than makes up for it when 
large problems are planned. This would be ideal when solving a flow shop problem such 
as the one created for this report. Then instead of solving an entire problem it would 
only need to solve a small part of the problem and then repeat it. The problem does have 
to be big enough for this to be a benefit. But if done correctly it would mean being able 
to solve problems that had thousands of parts that needed to be produced as fast as very 
small problems. 
 
The other suggestion would be to use something called landmarks. Landmarks are 
fluents that must be true at some point in the plan [28]. The initial and goal states are 
landmarks since they both have to be true at some point in a valid plan. Landmarks can 
be used to improve the planner by directing and being used in combination with search 
heuristics [11], [14], [29]. LAMA [14] is one planner that is built around using landmarks 
along with other heuristics such as a variant of the FF heuristic [9] increase its 
performance. If this could be done to POPF the planner could potentially see some better 
results and faster performance. 
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5.3 Subgoal 3 
As mentioned in section 5.1 several different versions of the flow shop problem was 
created and as such there were also several tests using these different definitions, in this 
report only the third and fourth versions will be shown since they are the most complete 
and relevant of them. The makespan of a plan is the primary indicator of how good a 
plan is for these tests but other aspects will also be discussed. 
 
The different problems were labeled using numbers for how many machines and parts 
were in the problem. A problem containing 2 machines and 3 parts for example would 
be labeled problem “23” where the first number indicates the quantity of machines and 
the second number how many parts there are. 
 
The planners ran on a computer using an Intel i5 2500k processor and were only 
allowed to use 4 GB of ram memory with a time limit of 30 minutes similar to the IPC 
test restraints [23]. If the machines ran out of memory or time the best plan created so 
far was accepted as the result since almost all problems caused all planners except for 
COLIN to run out of memory or time. 

5.3.1 First Test 
In the first test the third version described in section 5.1 was tested. This version had 
very long processing times for the machines and as such gave the planners more time to 
move around parts without wasting time while the machines were processing. The time 
to pick up and put down a part along with moving the robot between locations is 1 time 
unit and the time for a machine to process a part is 40 units.  
 
In the following section a Gantt chart of the solution to the problem “33” that was 
created by each planner will be shown and discussed. The problem “33” was chosen 
because it is somewhere in the middle in terms of complexity of the problems. This will 
be followed by all the planners overall results on all problems. 
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5.3.1.1 POPF 
Fig 7 shows the POPF planners plan for the problem using a lot of parallelism which is to 
be expected from a partial-order planner. The planner overlaps the machines giving it 
time to move parts between machines. There are however sections that waste time such 
as not moving the green part immediately to the second machine after it is processed by 
the first machine. 
 
It also picks up and puts down the blue part at the same location for no reason when the 
time could have been used for something else. The planner ran out of memory when 
creating this plan and its makespan is 236 units.  
 

 
Figure 7: A Gantt chart of the POPF planners solution to the problem “33” which has 3 machines and 3 parts. 

5.3.1.2 TFD 
The TFD planner has a very similar looking solution (see Fig 8) to the POPF planner 
except instead of having overlapping machines processing it has a big gap between 
starts and ends of machines processing parts. This is caused by the plan not moving 
parts while the machines are processing but instead moving parts when the machines 
have finished.  
 
This plan also picks up two parts at the same time at the start of the plan which is 
possible since the arms operate independently of each other. The POPF planner does for 
some reason not do this even though one of its strengths is to perform parallel actions. 
The makespan for this plan was 332 units making it slightly better than the POPF 
planners plan of the same problem.  

 
Figure 8: A Gantt chart of the TFD planners plan of problem “33”. 
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5.3.1.3 COLIN 
The COLIN planners solution is as can be seen from Fig 9 much longer than the two 
other planners. This is caused by the lack of parallelism or use of several resources at 
the same time such as running several machines simultaneously and moving parts while 
machines are processing other parts. 
 

 
Figure 9: A Gantt chart of the COLIN planners plan of problem “33”. 

5.3.1.4 All planners 
In Table 1 the makespan for all planners on all problems can be seen, if a planner is 
missing from a problem it means it did not produce a plan for that problem. Since the 
table shows makespan a lower value is better. None of the planners produced a plan for 
problems ”35”, “44”, “45”, “54” and “55” which are the most complex problems that were 
tested and as such these are not in the table. The only planner that could not complete 
all problems showed in the table is TFD not being able to complete problems “25” and 
“34”. 
 
As can be seen from Table 1 the COLIN planner produced much longer plans compared 
to the other two planners which produced very similar plans in terms of makespan. The 
only cases where the POPF and TFD makespans are not very similar is when TFD could 
not produce any plans or in the more complex plans where POPF was superior. 
 
The table also shows that all problems containing less than 2 machines or less than 3 
parts produce very similar makespans for all planners. Since this is the case it was 
decided that in the second test these problems could be removed from the sample pool. 
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Table 1:  A table of all makespans for all planners on all problems for the first test. 

The total and average makespan for each planner is shown in Table 2. Something to 
keep in mind is that the average for the TFD planner is not adjusted to accommodate for 
the two problems that it could not complete making the average artificially lower than 
the other two. 
 
In this case if TFD was given the same results as the POPF planner for the problems it 
could not solve POPF would have a slightly better average than TFD. The trend however 
is that TFD is worse than POPF when solving more complex problems and as such would 
probably get a worse result than POPF on the problems it could not solve if it 
hypothetically could solve them.  
 
This however is purely speculation and the results purely shows that TFD is better than 
POPF up until a certain point where TFD either cannot solve the problem or the POPF 
plan gives a shorter makespan while COLIN gives the longest makespan in almost all 
cases. 
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Table 2: The table shows total and average makespan of all planners on all problems for the first test. 

The time it took for the planners to find its best solution can vary depending on the 
complexity of the problem. The simplest problem “11” took all planners less than 0.03 
seconds to find. The “53” problem on the other hand took the COLIN planner 14,22 s, the 
POPF planner 58,44 s and the TFD planner 1055 s, making them vary highly. Table 3 
shows that the COLIN planner has by far the best search time while POPF has a search 
time many times slower than COLIN and TFD has a time many times slower than that.  

 
Table 3: The time it took for the planners to find their best plan. In the case of the planner not finding a 
solution the bar is missing. 
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It is also important to know when the planners ran out of memory or time. A table will 
not be presented for this since it is not really needed. The COLIN planner never used up 
its time but in the cases of not finding a solution ran out of memory within 30 seconds. 
The POPF planner behaved similarly in that it never ran out of time but instead ran out 
of memory in all cases where it could not find a solution and in most cases where it did 
find a solution except for the very simple ones. The TFD planner on the other hand 
mostly ran out of time instead of memory and only ran out of memory in the more 
complex problems. 

5.3.2 Second Test 
The second test tested the fourth version of the problems described in 5.1 where the 
processing times for the machines is shorter along with the machines having different 
processing times. This test was to see how the planner performed with more tightly knit 
plans and with more complexity from the different processing times for the machines. 
 
The pick up and move actions is as in the previous test 1 time unit while the machines 
can have either a processing time of 5, 7, 10 and 15 depending on where the machine is 
located. As mentioned earlier in the report it was decided that the second test would 
only be run with problems with more than 1 machine and 2 parts making this test much 
smaller in terms of pure numbers. The results of this test will be presented as in the 
previous test. 

5.3.2.1 POPF 
The POPF planner created as expected a very similar plan (see Fig 10) as in the previous 
test where machine processes overlap allowing it to move parts more efficiently. As a 
consequence of the machines having less processing time the robot and arms are 
working almost constantly which was the desired effect of this test. At some points in 
the plan the robot is still idle during times it could be doing something, showing that the 
plan could still be improved. 
 

 
Figure 10: A Gantt chart representation of the POPF planners solution to problem “33” in the second test. 

5.3.2.2 TFD 
TFDs solution (see Fig 11) is also very similar to the one in the previous test with the 
occurrence of breaks between machine executions. The robot and arms move almost 
constantly in this plan resulting in a makespan that is a bit a shorter than the POPF 
planners. The end of the plan has some unnecessary actions at the end, these however 
occur at a time when the robot could not have done anything else. If the robot and arms 
had a resource such as fuel this could have been a problem but it is not in this case. 
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Figure 11: A Gantt chart of the plan created by the TFD planner for the problem “33” in the second test. 

5.3.2.3 COLIN 
Fig 12 shows the COLIN planners solution which similarly to the other two looks like the 
plan in the previous test. The plan is as expected from the previous test longer than the 
other two and makes a lot of similar problems as previously but with a little less 
parallelism as a probable result from the increased time constraints. 

 
Figure 12: A Gantt chart of the COLIN planners plan of problem “33” in the second test. 

5.3.2.4 All planners 
The goal with this test was to see what happens if the time the planners have to work 
with is shortened and some more complexity is introduced. As would be expected the 
increased complexity makes it so less problems can be solved as seen in Table 4. The 
total and average values are also very similar to the previous test (see Table 5) there is 
just a lot less solvable problems thanks to the complexity increase making the values 
smaller but the results are the same relatively speaking. 
 
This means that the planners performs relatively equal for more restrained problems 
and if the problem is more complex the planner is more likely to not be able to solve it. 
This test shows that the planners get the same results relative to each other at low and 
high complexity along with long and short process times. The time it took for the 
planners to find the plan took longer but they are on the same level relative to each 
other as in the earlier test which is why they are not interesting enough to show in this 
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second test.

 
Table 4: A table of all makespans for all planners on all problems for the second test. 

 
Table 5: The table shows total and average makespan of all planners on all problems for the second test. 

5.3.3 Comparison to a specialized planner 
In this section a short comparison to a planner called POPStar [30] will be done to see 
how the planners in this thesis performs against a very specialized planner. POPStar is a 
planner that specializes in solving problems similar to the one created in this thesis. 
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POPStar also has some additional features such as allowing for multiple product types 
that are not used in this comparison. 
 
Due to the POPStar planner not using PDDL but instead reading problems in a different 
way an exact copy of the problems the other planners ran could not be created. Instead 
an approximation was created that simulates the problem almost exactly except for all 
problems having 7 locations instead of just the problems with just 5 machines. This 
causes the POPStar planner to produce plans that are a bit longer than they should be 
and as such if POPStar is about equal to another planner it is actually better. 
 
The POPStar planners results compared to the POPF and TFD planners results can be 
seen in Table 6. The first thing you will see is that POPStar was able to solve all problems 
provided for the first test and if some compensation for the planners disadvantage is 
inserted it produces similar or better results in most cases making it better than the 
other planners. 

 
Table 6: A table of the makespans of the planners POPF, TFD and POPStar for the first test. 

When it comes to the second test (see Table 7) the POPStar planner is about equal with 
the other planners meaning it is actually shorter due to the planner having to move 
parts longer than the others. The POPStar planner could in this case not solve all 
provided problems and in fact solved less problems than the COLIN planner. The results 
however are very similar to the other planners and in some cases even better. 
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Table 7: A table of the makespans of all planners including POPStar for the second test. 

As seen from the tests the POPF planner performs very well when compared to other 
planners when solving a flow shop problem and can even create results comparable to a 
planner specialized in the area. 

6. Conclusion 
The tests performed in the previous chapter show that the COLIN planner is clearly the 
worst when it comes to making plans for a flow shop problem since it has the longest 
makespan it can however solve more problems than all the other planners and a result 
is better than no result in most cases. It was also the fastest planner in terms of the time 
it took for the planner to find the plan which could be important for some other 
problems.  
 
That is not the case for the flow shop problem though since it is the sort of problem 
found in factories where a lot of iterations of the plan are made making differences in 
makespan more important and impactful since even 1 second of difference could result 
in thousands of seconds lost over many iterations. 
 
The POPF and TFD planners were both very similar when it comes to the test results 
with the main difference being that POPF ran out of memory and TFD did not, making 
TFD take a lot longer to find its final solution. POPF did also find the solution to more 
problems than TFD and the better solution to some of the more complex problems that 
they both could solve. 
 
In the case of simpler problems TFD created the marginally better plan where the plans 
were not equal in makespan. These test therefore show that the TFD planner is best up 
until a certain degree of complexity where POPF is better up to a limit where it can’t 
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solve the problem anymore where COLIN becomes the best only by virtue of being the 
only remaining planner. 
  
The POPStar planner outperformed the other planners as expected but it does not have 
the same flexibility as the other planners that comes from being able to solve problems 
defined in PDDL. 
 
The results show that the POPF and TFD planners are very similar meaning that a 
Forward-chaining partial-order planner can compete with other planners when it comes 
to planning a flow shop problem and is even better than the other planners tested in 
certain situations. It also has some of the benefits of being a partial-order planner 
mentioned earlier that the others do not have such as being more flexible. 
 
There is however one thing to keep in mind while looking at these results, which is the 
PDDL code for the problem. As mentioned earlier some differences in the results were 
seen from changing the PDDL of the problem and it is not certain that the problem in 
this thesis is coded in the best way and results may vary depending on how the problem 
is constructed since how the problem is defined is one of the more important parts of 
planning. 

6.1 Related research 
Some related research as mentioned earlier would be ACP [27] that works with similar 
problems on a large scale. Making it easier to plan very big repetitive problems such as 
the flow shop problem created here but with 1000 parts. 
 
FlowOpt is a project that tries to make it easier to create a production plan for a product 
using visuals [31]. This makes the knowledge barrier to using the planner much lower 
than a planner such as POPF which does not have any visual feedback except for text. 
The goal of this would be for the layman to be able to use planners in an easy and 
intuitive way. 

6.2 Future work 
Some of the future work that could be done has already been mentioned such as making 
several drastically different flow shop problems to test the POPF planner on to get a 
more concrete picture of what specific flow shop problems it is good at. Testing on a 
permutation flow shop problem [15] where the parts must be processed one after the 
other in order which is not needed in a regular flow shop problem could also be done. 
 
There are also several other elements of planning that was not tested such as the use of 
resources such as the robot having a certain amount of fuel. Buffers are another thing 
that could be tested meaning in this case that there could be several parts at a location 
instead of only one. No-Wait problems [32] is also something that would be interesting 
to test with. No-wait being when a completed part has to be immediately moved to the 
next machine.  
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