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Abstract

This paper highlights knowledge engineering techniques that
are essential to the success of a fielded planning application.
The application, in the area of road transport management
via the creation of traffic signal plans for urban traffic control,
has been effected by the collaboration of academics, transport
operators, transport engineers and software engineers. In this
paper we summarise the developments leading up to this, give
an overview of the system used to create the traffic plans,
and describe the current benefits delivered by the system. We
detail the knowledge engineering aspects in its deployment
which are essential to its success, and end with a summary of
the lessons learned during the process.

Introduction
Automated planning is now a well-established technology
in a wide range of real-world applications, including game
testing (Balyo et al. 2025), oil drilling, and cyber security. In
fielded systems, domain models play a crucial role, as they
need to encode the knowledge needed to support operational
decisions, and to take into account the potential for uncer-
tainty and evolving requirements. Achieving the right bal-
ance is fundamentally a knowledge engineering challenge.

This paper reports on over a decade of experience in
applying automated planning to the Urban Traffic Con-
trol (UTC) application domain (Vallati 2023; Vallati et al.
2025b), culminating in a commercial system currently in op-
erational use. The system generates coordinated traffic sig-
nal plans for urban regions, with the objective of improving
journey times along strategic routes over specified time peri-
ods. While the underlying planner and simulation infrastruc-
ture are essential, our experience has shown that the decisive
factor in achieving deployment at scale has been the system-
atic engineering of domain knowledge: how it is acquired,
structured, validated, maintained, and evolved over time.

UTC is a representative example of a complex,
safety-critical planning domain. It requires the integration
of heterogeneous knowledge sources, ranging from rela-
tively static structural information (such as road topology,
signal stages, and physical constraints) to highly contextual
and time-dependent data (such as traffic demands, turn-rate
probabilities, and pedestrian behaviour). Moreover, much of
this knowledge does not naturally align with the abstractions
typically assumed in symbolic planning models. Bridging

this gap—between what planners can represent and what op-
erators and engineers require—has been a recurring theme
throughout the system’s development.

In this paper, we examine the role of knowledge engineer-
ing in the development and deployment of a planning-based
UTC application. More specifically, We provide a detailed
case study of how knowledge engineering techniques en-
abled the deployment of a planning-based system in a chal-
lenging real-world domain. We show how long-standing
challenges in knowledge engineering, accuracy, validity,
scalability, and maintainability (McCluskey, Vaquero, and
Vallati 2017), were addressed through careful decisions
about what knowledge to encode, what to compute exter-
nally, and what to leave implicit. Many of these decisions
only became clear through sustained interaction with do-
main experts and operators, and through the constraints im-
posed by real operational environments.

It should be noted that the research has led to a break-
through in the use of these techniques that has led to the
granting of a patent GB2598661 (McCabe et al. 2020). The
techniques described in the patent can be used for research
purposes with the permission of the patent holder. Should
the techniques be used for commercial purposes a license
will be required prior to the start of commercial use.

Application Area
A significant body of academic research has been carried
out in the area of road traffic management, by both trans-
port engineers and computer scientists. Road junction con-
trol and simulation have also frequently been used as test
domains for AI techniques, including optimisation and rein-
forcement learning. In practice, however, urban traffic sig-
nal control within groups of related junctions has long been
dominated by a small number of mature adaptive systems,
such as SCOOT (Taale, Fransen, and Dibbits 1998), SCATS,
and related approaches. These systems adjust signal timings
in response to detected traffic conditions and have proved
effective in many operational settings.

Recent advances in data availability, sensing technolo-
gies, and communications infrastructure have created new
opportunities for the application of artificial intelligence
techniques within UTC, where such techniques are in-
creasingly viewed as a means to improve performance in
complex and congested networks (Wei et al. 2018; Smith



2020; Okrepilov et al. 2022). Among AI approaches, auto-
mated planning is particularly attractive (Vallati et al. 2016;
Pozanco, Fernández, and Borrajo 2021). By explicitly mod-
elling the scenario (the links, intersections, vehicle flows,
and temporal constraints), planning approaches can guaran-
tee that plans will satisfy certain safety criteria. They can
also be used to reason about scenarios that have not yet been
observed. As a general-purpose framework, planning repre-
sentations are sufficiently flexible to represent a wide variety
of network topologies, traffic demands, and optimisation cri-
teria. Furthermore, there exists a mature and active research
community, which provides a rich ecosystem of modelling
tools and languages, and efficient solvers that can be readily
applied to traffic signal optimisation problems.

The planning task considered in this paper is the gen-
eration of signal timing plans for multiple junctions in an
urban region, in response to an explicit operational objec-
tive - typically to improve traffic flow along one or more
strategic routes over a specified period. In contrast to fully
traffic-responsive systems such as SCOOT, the emphasis
here is on generating plans ahead of execution, so that pre-
dicted demand and longer-term objectives can be taken into
account. At the same time, the resulting plans must be de-
ployable on standard traffic signal controllers and operate
safely under demand-dependent behaviour at run time.

Here we define the basic terminology to help us do that.
We start with some (simplified) definitions. A link is a fixed,
unidirectional piece of road ending with the stop-line of
some signalised junction controlled by one signal. A route
is a sequence of one or more links that can be travelled
along contiguously by a vehicle. A signalised junction con-
sists of a set of incoming links and a set of outgoing links,
coordinated by traffic signals. A stage denotes a coordinated
configuration of signal aspects at a junction, while a phase
refers to the duration for which a particular movement, or
set of movements, receives a green signal. A cycle is the
time between successive occurrences of a designated stage.
A region is a connected set of junctions, where each junc-
tion is connected to at least one other in the region; junctions
may be internal or act as boundary sources or sinks of traf-
fic. A fixed signal plan for a junction specifies a cycle time
together with a sequence of stages and nominal stage dura-
tions. Such plans typically combine forced stage changes,
which must occur in every cycle, with demand-dependent
behaviour. In particular, a stage may be entered only if de-
mand is detected (e.g., by vehicle or pedestrian sensors), or
may terminate early (”gap-out”) when demand is absent. As
a result, although a plan defines a structural pattern, its exe-
cution depends in part on real-time conditions. A deployable
plan is one that satisfies all operational and safety constraints
imposed by traffic signal controllers and can therefore be im-
plemented on-street.

Finally, where vehicles approaching a junction may se-
lect between alternative outgoing links, turn-rate probabil-
ities can be estimated from historical data corresponding to
similar dates and times. These probabilities are used to pre-
dict how traffic will distribute across available movements
and form an important part of the contextual knowledge re-
quired by the planner.

Figure 1: Basic definitions in road management

Figure 2: A simplified overview of the SIPP

Plan stages start with an intergreen phase which covers
the time between when the lights specified in the last stage
turn to red, until the specified signals in the next stage turn
to green.

The conventional method in UTC to deal with the problem
of traffic signal control is for engineers to create fixed sig-
nal plans as specified above. These are often crafted using
a tool such as TRANSYT (Robertson 1969). On the other
hand, popular approaches applied to critical areas of urban
regions are demand responsive systems, such as SCOOT,
which change stage times in response to real-time flow read-
ings, in order to service higher demands. These can be in
addition to the demand-driven and gap-out behaviour de-
scribed earlier regarding a fixed plan.

SIPP: The SImulation and Planning Platform
Before discussing the knowledge engineering issues, in this
section we outline the planning and scheduling sub-system,
called the SIPP (SImulation and Planning Platform) which
sits at the heart of SimplifAI’s deployed system. The ap-
proach is covered by SimplifAI’s international patent (Mc-



Figure 3: A schematic of a UTC region. Map data © Open-
StreetMap contributors.

Cabe et al. 2020) which includes the central idea of using a
goal directed planning method within a model-based appli-
cation description for the UTC application area. The system
is deployed via cloud services which contain the user inter-
face to the SIPP, and the interface to provide data for the
SIPP. An overview of SIPP is shown in Figure 2.

Traffic regions that the SIPP has been applied to are of
similar size to a conventional SCOOT region, approximately
4 - 10 internal junctions clustered together. A diagram of an
example region is shown in Figure 3. Here the red nodes are
internal junctions, and white nodes denote boundary junc-
tions. The traffic region could form any shaped graph (e.g.
cyclic), but must have boundary nodes to delimit the region.
To operate the system in a region, a corresponding model
is built using the Model Builder, which outputs the “Region
Model”. Historic flow data and signal plans are made avail-
able to become part of its “State Knowledge”. These knowl-
edge bases are then integrated with the region-independent
Dynamics Model, which is written in PDDL+ and does the
job of an abstract, macroscopic traffic flow simulator.

A transport expert or operator forms a query by specifying
in the SIPP Interface a date, time and duration, and a goal for
the system to achieve. A goal, in its most general terms, has
two parts:

• Part 1 - the objective: the desired maximum average jour-
ney time, or the minimum average speed, along a route(s)
within the region

• Part 2: - the constraints: a limit on the journey time of

each of a set of routes through the region.

Part 1 captures the need to improve the flow through some
of the key routes in the region. This can be used to capture
the need to speed up the flow during rush hour, or to speed
up the flow before or after a major event in the city centre (a
football match, a large gig, a set of road works). If we can
predict that a large number of vehicles will need to leave
a city centre at a particular time, then this demand can be
part of an initial state to construct a plan alleviating the ex-
treme delays that will otherwise happen. Of course, criteria
for two or more goals can be conflicting, and the planner
aggregates the multiple objective, attempting to balance the
requirements of possibly opposing goals.

Part 2 captures the need to keep the flows across (rather
than along) the key routes from increasing too much, so as
not to inconvenience other road users.

The SIPP produces a set of deployable plans which con-
stitute a traffic signal plan for every junction in the region,
such that when the junctions are given these plans to run,
the goals will be met in simulation. Hence, the SIPP sup-
ports “goal directed” planning – in the sense that the goal is
an implicit property (journey time) to be optimised over one
or more routes.

As an example, let us consider the region shown in Figure
3. In this area, operators have noticed recurrent congestion
meaning that the average journey times through several key
routes between 4-5pm are too high, typically about 2, 000
seconds, or an average of about 7 minutes per route. Its been
decided that a plan set is required with an average journey
time of less than 5 minutes per route. The cross flows are
also specified and monitored, so that increases to their jour-
ney times are kept under certain limits. The SIPP is invoked
in a mode where a fixed cycle time is given (e.g., 120 sec-
onds). This operation takes approximately 90 seconds (on
a standard laptop) to output a set of deployable plans that
operators can use to address the congestion.

Use of the SIPP
We have modelled and used the SIPP on 14 regions in 5
different local authorities around the UK. The most complex
region contains 26 junctions (16 boundary junctions and 10
internal), 9 pedestrian crossings and 45 links.

To engineer knowledge for a new region from scratch to
operational use can take 1 - 5 working days for a knowl-
edge or transport engineer, depending on the region’s cur-
rent traffic management system and the availability of traffic
and traffic signal data. For SCOOT regions, the amount of
resource required is at the lower end, given the availability
of parameters, and our experience with this method.

As referred to above, for the SIPP to create new plans
within deployed regions takes around 1 - 5 minutes process-
ing time, either in the Cloud or on a Laptop. The process-
ing time taken depends on the size of the region (number of
junctions, number of links, duration required). On account of
the efficient, greedy heuristic search mechanism of the plan-
ner, we have found the increase in time, during operation, to
increase in approximately linear time to these size metrics.
An advantage of using a structured and automated approach



to knowledge engineering of regional models is that if two
or more regions are adjacent, they can be composed into one
connected region with minimal effort.

The first SIPP-generated set of plans was used in the
Kirklees area, to manage the traffic flow out of the Green
Day Gig in June 2022, from the local John Smith Stadium.
As well as large event management, the SIPP has been used
to generate plans for rush hour to alleviate traffic congestion.
Some of these SIPP generated plans used for rush hour peak
periods have been continuously operational for over a year.

An independent evaluation of the benefits SimplifAI’s
system has made to traffic management, and the potential
benefits of its future use, was carried out by Nota Bene Con-
sulting. The evaluation report concludes that in ”a compar-
ison of Before and After journey times on [Region A] and
[Region B] corridor, the results presented in this section pro-
vide the clearest evidence of SimplifAI’s effectiveness in
optimising signal plans”, and again, ”SimplifAI is a well-
conceived and credible traffic signal optimisation platform
that delivers real, measurable benefits when applied in ap-
propriate contexts”. Their indicative results suggests that the
improvement to journey times through regions can range up
to 50% in applications to recurrent congestion, and a corri-
dor where the SIPP is implemented can save thousands of
pounds each year in savings on journey times (NotaBene
2025) .

Overview of Knowledge Engineering
Approach

Designing and developing the components of a system
which form the inputs and outputs of a planning algorithm
and together form a commercially succsessful system, will
in general, require a great deal of time and effort.

We start by attempting to break down the components of
what is needed. Through the treatment we will use the Traf-
fic Plan-generation application as an example.

Dynamics Model
Capture of the “physics” of the application famously seems
to be front and centre when developing domain models for
research purposes or for evaluating a planner. A key decision
to make is what is an adequate representation for the parts of
an application that change as a result of deliberate acting or
of an exogenous event. In our case the main dynamic parts
are the flows of traffic along road links, and the change of
traffic signals at junctions. This demanded the use of more
expressive forms than actions, hence we chose PDDL+ as
the basic language. The domain dynamics of the SIPP is cap-
tured in a PDDL+ model derived from one published about
10 years ago (Vallati et al. 2016). The original model can
be summed up as “bucket” dynamics in that traffic from one
link flows into another continuously, but once in a link can
be assumed to be ready to transfer to the next link. It is easy
to notice that is an approximation in that the vehicles take no
time to travel along a link. We have developed the dynam-
ics to incorporate more expressive features, such as the abil-
ity to take into account the time traffic takes to flow along
a link. Thus the resulting traffic simulation via PDDL+ is

very efficient, but also adequate enough to be able to predict
journey times of flows with new signal plans accurately (Do-
ria et al. 2026b). So while Google, for example, is good at
predicting journey times with existing conditions, the SIPP
predicts them when arbitrary signal plans are implemented
in the region. It is however important to notice that within
SIPP, journey times are not explicitly represented within the
PDDL+ model. They are instead calculated by using some
dedicated external components, that leverage on PDDL* for
simulating traffic behaviours. The problem of incorporating
journey times within PDDL+ is still an open challenge.

In contrast, other researchers in the UTC Planning field
have made different decisions on representing model dy-
namics for planning applied to UTC. For example, Pozanco,
Fernández, and Borrajo (2021) use a discrete rather than
continuous PDDL model: this is much more efficient though
may not be as accurate as the PDDL+ representation. An-
swer Set Programming has also been used to represent sim-
plified model dynamics, and address the UTC problem in
a similar planning-based fashion (Tarzariol, Maratea, and
Vallati 2025). Capturing model dynamics highlights the ad-
equacy vs efficiency tradeoff often seen in knowledge en-
gineering. Since our flow model does not explicitly simu-
late traffic flowing along a road link, it is implicitly inferior
to many traffic simulators with explicit simulation of flow;
however, the model is efficient enough to be used in plan
generation. Furthermore extra knowledge can be added to
enhance the modelling accuracy of this restriction. For ex-
ample, assuming traffic keep to speed limits, a lower bound
can be put on the journey time of traffic flowing along a link.

Modelling Uncertainty and Non-determinism
These two factors must be considered in planning applica-
tions as they are aspects of reality that need to be taken
into account in predicted state changes and action effects.
There are planning languages and planners which are capa-
ble of representing these aspects to some degree, hence the
question arises whether to model them explicitly and allow
a planner to reason with them. Our experience indicates that
for complex domains it is best to deal with these “outside”
of plan reasoning, for (a) plan generation efficiency reasons -
incorporating these aspects into the plan generation process
makes for a more complex search space (b) expressiveness
- the limits of expression for these aspects are determined
by the planner, which is likely to limit the adequacy of the
representation.

For the UTC application, non-determinism is found in
the actions that cause a signal change from state to state:
whereas the main state changes can be determined a priori,
demand-driven stage changes can only be determined at the
time of execution. Some states may not be demanded and
hence not taken up, and some may finish prematurely if there
is no demand (“gap-out”). Our solution here is to use the
planner to create abstract contingent plans angled to solve
the current goal. In the search for the best plan these can-
didate plans are evaluated with respect to their performance
using historical data which is taken from a similar past time
period. The historical demand pattern and flow rates create a
concrete plan which then can be evaluated deterministically.



Uncertainty in applications is clearly a major challenge,
since action or process effects can only ever be approx-
imated. Again, representing this uncertainty explicitly for
reasoning within a planner may diminish unacceptably the
planner’s efficiency and effectiveness. In the UTC applica-
tion, one uncertainty is the choice of out-link traffic take
when entering a junction via an in-link (the turn-rate prob-
ability). We used a combination of historical data, in-link
knowledge and constraints reasoning to estimate these prob-
abilities for each in-link of each junction. This is done just
prior to planning as part of the initial state compilation. An-
other uncertainty is the flow rates into the traffic region over
a duration (the “demands”). Again, we can use historical and
situational data to estimate these over a particular duration.

Long-term Static, Structural Knowledge
So-called “static” knowledge is likely to be the largest com-
ponent of a real application. This will contain all the struc-
tural knowledge required for the plan generation function
that remains uneffected by actions or events during any plan
generation run. The amount of knowledge is likely to ex-
pand over the development phase, as more understanding of
what users require is made explicit to the developers. There
will be decisions to be made about what knowledge has to
be explicit, what knowledge will be created for plan gener-
ation, and what is important but already implicit in existing
knowledge.

In the UTC example, static knowledge includes connec-
tions, capacity and lengths of the road links; and stages,
stage length constaints, allowed turns, maximum exit flow
rates, and signal-stage mappings, for junctions.

An example of the implicit/explicit knowledge capture
tradeoff is whether to represent the gradient of road links
leading up to a junction, which have a bearing on the average
flow rate across a junction. For efficiency, we left this value
implicit within a pre-calculated flow rate value for each link
end, though this may miss changes to flow rate in icy condi-
tions. Future planned incorporation of weather data into the
SIPP will cause an expansion of the structural knowledge to
represent the effects of different weather patterns.

Configuration-driven State Knowledge
The compilation of knowledge for a particular planning run
will include the initial state of knowledge that changes via
plan execution, and unchanging knowledge that can only
be assembled when each call is made. In the UTC case,
examples of the former include traffic concentrations and
states of each signals. Examples of the latter include turn-
rate probabilities and flow rates along input links (the de-
mands). Whereas we treat the demands as unchanging given
a particular plan, the rates of course themselves can change
over a duration that the plan operators (the expected flow
rates over a duration can change in a stepwise manner in our
implementation, to model the historically expected flows).

Initially, we anticipated that real time information would
be available from sensors in the road network to allow plan
generation in close to real-time (Bhatnagar et al. 2022b). Un-
fortunately, in the urban areas we were aiming to deploy,
neither the flow rates were readily available, nor the turn

rate probabilities for each traffic flow. We found the solu-
tion to these problems with the use of historical data - traffic
flow and turn rate probabilities for the current scenario are
estimated from the similar historical scenarios. One or more
periods - date/time/duration - in history are selected where
conditions are close to the desired date/time/duration in the
future that the plan is required for. A fixed time plan is ex-
tracted from the historical plan, together with the take-up of
demand-dependent junctions, the turn rate probabilities, the
link saturations etc. The latter forms the initial state in the
search for a plan to solve the goal at the future date.

Goal Structure
What constitutes a goal for a particular planning run has to
be linked explicitly to the users’ requirements. In a bench-
mark or competition domain model created to test a gener-
ally applicable planning engine, typically this means a col-
lection of facts that appear in the post condition of an action
specification. Tieing this up to what is useful for a particular
application may well be the biggest challenge in creating the
system.

In the UTC case, the vague goal of “minimise delay for
traffic while preserving safety” is often taken as the task that
transport operators must aspire to; it is what signal plans
are aimed at, and forms the basis on which the traffic sig-
nal hardware is designed. Finding a goal that is both use-
ful to the application problem owners (here transport oper-
ators) and one which can be solved by automated planners
amounts to looking for some goal which falls between two
extremes: a concrete expression in the planning language
containing conditions, (its initial design influenced by the
need to efficiently generate signal plans) vs a service goal
such as minimising delay which cannot readily be put into
planning-state terms.

Examples of goals that could be used include to maintain
the average speed above a certain level for a particular key
strategic corridor, or to clear the traffic from a major event
within a certain time-frame. Existing UTC systems do not
work towards such explicit specific goals, and it can be diffi-
cult to enable the operators of such systems to set such goals.

Initially, our research focused on goals which were com-
binations of explicit conditions in the PDDL+ model dis-
cussed in Vallati et al., such as the occupancy of a link
(McCluskey and Vallati 2017). We trialled the initial ver-
sions of the UTC planning system in areas of the city of
Manchester using goals which were “numerical expressions
corresponding to saturation levels on sets of links” (Anto-
niou et al. 2019). In a more recent publication, a goal is de-
fined as the number of vehicles that are required to travel
through some links of interest in the region (Bhatnagar et al.
2022a). Hence goals expressed the idea of keeping the level
of traffic on a link below a certain level or enabling a cer-
tain number of vehicles from a link in a defined period. This
work was extended to incorporate more expressive versions
of the domain representation, of the goal language, and im-
proved heuristics (Percassi et al. 2023; El Kouaiti et al. 2024;
Castellanos-Paez, Percassi, and Vallati 2025; Doria et al.
2026a; Chiari et al. 2026).

Our experience has shown, however, that these goals can



be rather too specific for transport operators to grasp and
use. A less abstract goal, and more in tune with traffic man-
agement, is required, and more promising is a goal specifica-
tion utilising the average journey time over a time period, or
more or less equivalently, a minimum average speed, along a
route or a set of routes through a region. The challenge here
is that these goals are implicit properties of a plan rather than
an explicit state condition, hence calculation of the distance
to them to guide planning is not easy.

In our current implementation the planner uses greedy
best-first search through a space of abstract solution plans,
and progressing the most promising solution plan by evalu-
ating the implicit properties of these plans (here specifically
the journey time of routes).

In summary, the distance between goals/tasks that are use-
ful in an application area (ones whose solutions might assist
an operator), and the goals/tasks that a planner can deal with,
is a crucial measure. In our case, this distance did not be-
come clear until we involved the transport operators of the
current system closely with the SIPP’s development.

Knowledge Engineering and Safety Issues
Delivery of a service in the public sector, or the production
or management of operations in the private sector, are sub-
ject to varying amounts of rules and regulations to ensure
safety and security. For example in the UTC area, safety
concerns include making sure traffic signals do not lead to
vehicle collisions because of inconsistent signals, whereas
security concerns include the issue of a malicious third party
gaining control of the signal operation.

In such circumstances, it is essential to document the cur-
rent levels of safety, and where the planning function fits into
those levels. Often the safety rules can be encoded explicitly
in the engineering process, and hence available for use in
behaviour explanations.

In the case of UTC, the safety and security falls into vari-
ous distinct levels:

• (i) our own software for checking that the plans produced
met any safety criteria specified. This is supported by the
use of explicitly stated safety rules in the static knowl-
edge;

• (ii) legacy software that checks the integrity of any plans
loaded into UTC hardware;

• (iii) in-built safety checks within traffic signal hardware.
Hence, any plan the SIPP generates has an extensive se-
ries of safety checks, and opportunities for bug checks,
before going into operation.

Currently, many authorities enforce manual-loading of plans
into UTC hardware, meaning that the system is not fully au-
tomated. This supports security in terms of the prevention of
malicious virtual agents, as it precludes access online, and
an additional level of validation.

Automating parts of the KE process
It is essential that the initial acquisition, and subsequent
maintenance of the state (dynamic and static) model is as
automated as possible, given its likely size and complexity.

To be able to roll out the planning function to different sce-
narios (in UTC, this means different physical regions), there
needs to be a tool-supported method of creating this knowl-
edge from external knowledge sources. This is crucially im-
portant, as the construction of these models (as recognised in
the KEPS literature) is often described as the weak point of
symbolic approaches. One way to assist this is to export data
from a currently used system which is being superseded. An-
other is to encode a set of meta-constraints or axioms that
must be true of the model of every scenario/region; these
can be encoded in the model/state building tool to help in
the validation of the static knowledge.

In the UTC case, data from an existing UTC system can
be captured and modelled for processing by the SIPP with
little effort, given a set of adaptors we have created to form
PDDL-like expressions using an API. Utilising the struc-
ture and environmental parameters from the existing solu-
tion is most efficient in order to create the domain model.
In our initial work, when deploying the system to replace
SCOOT during some periods of operation, we automated the
distillation of parameters within the traffic region from the
SCOOT system, and their translation into a PDDL model.
Access to operational SCOOT data was either online or
within machine-readable documents, hence the build up of
the domain model is largely automated.

Recently we have expanded the use of the system onto
non-SCOOT regions, hence a more general knowledge en-
gineering approach is used: (i) an operator-friendly spread-
sheet template is used as the front end to a build program
which generates the permanent knowledge of the appli-
cation. The build program will have access to the meta-
constraints above to help ensure the validation of the built
model (ii) an API is specified for the ingestion of all histor-
ical data. We have investigated using state of the art LLMs
and RAG techniques in domain model creation, in order to
make this interface more efficient, but we found that the
method is limited by the very nature of how the LLMs are
constructed (Vallati et al. 2025a).

Unexpected Changes During Development
The path to deployment and usefulness to a particular sector
was in our case a long process stretching over 10 years. In-
serting an AI Planning function into a well developed major
service, with existing well-established suppliers who have
a vested interest in preserving the status quo, proved not to
be easy. The fundamental difference in our solution to UTC
was not only the idea of goal-directed plans, but also the
idea that plans for a duration (typically 1 hour) were to be
generated before being executed. Our initial work into traf-
fic signal plan generation used a range of generic PDDL+
planners such as ENHSP (Scala et al. 2020). This proved
efficient and effective for finding plans tuning up to 60 min-
utes to satisfy PDDL+ conditions, with some domain spe-
cific heuristics added (Franco et al. 2018; Doria et al. 2026a;
Percassi et al. 2023). Over time, however, the idea of goal
achievement based on a final state changed to one of a goal
as a property of a whole plan, giving rise to the use of a
plan-space searching planner.



As is fairly typical in planning, initially we assumed that
all the plans could be generated from scratch. A solution
plan in UTC is more accurately stated as a set of plans, one
for each junction in the region, hence we have the additional
complexity of the concurrent execution of each plan. Typ-
ically with UTC traffic responsive solutions, if the method
(such as SCOOT) is suspended in a region, then the alterna-
tive method needs to generate plans for every junction, even
if some of the junctions were not involved in goal achieve-
ment. This consideration, and the complexity of generating a
plan for each junction from scratch, led us to decide to use a
planning method that generated a goal plan from an already
complete plan, one generated by the previous UTC system
- in other words derived from history. The SIPP has access
to a pre-used set of plans (P0) for a region in the preceding
weeks and months, and associated historical data including
traffic demands and traffic plans, obtained via its cloud inter-
face. The historical plans may be generated by the previous
control mechanism (e.g. SCOOT), but as the system is de-
ployed over a period of time these historical plans may have
been SIPP-generated. An old plan is chosen if it fits in with
the current environmental data - if it was generated under
the same conditions - for example a plan needed at 8am on
a schoolday morning will retrieve an old plan from simi-
lar circumstances. The planner then works by changing this
old plan incrementally to solve the goal(s) given to it by the
transport operator. This is superior to planning from scratch,
it can give us reasonable plans for junctions not involved in
goal achievement, and it also has the benefit of capturing
(initially at least) desirable properties of traffic plans that
would be difficult to generate. Primarily, it would be ex-
pected that the historically-based plan would be structured
to capture a desired offset for adjacent junctions in the re-
gion1 an indication of the behaviour of demand-dependent
junctions and the frequency of pedestrian crossing use.

Lessons Learned
In this section we summarise some of the lessons learned
in the process of engineering the knowledge making up
an automated planning application for urban traffic control.
Firstly, we refer to a paper published in 2017 “Embedding
automated planning within urban traffic management op-
erations” (McCluskey and Vallati 2017) in ICAPS by the
authors which described the use of automated planning in
UTC to create signal plans for use within a state of the art
traffic simulators (AIMSUN and SUMO). The major lesson
learned here is that it took over 5 years to develop the system
from a traffic simulation to its use on-street. The effort was
taken up by knowledge engineering of the final system, and
the creation of a domain-specific planner. There was also a
not insignificant amount of effort in software engineering in

1An offset is the adjustment of cycle start times between adja-
cent junctions that favours the flow in a particular direction - no-
tably along the main corridor of a traffic route. Its effective oper-
ation means that a platoon of traffic proceeding along a corridor
would approach the next junction as the the signal turns green. Of
course the offset idea is limited to certain directions in a region,
and also to the tight connections of junctions.

order to provide online access to input data, and a route to
output plans and reports to users. It is interesting to contrast
the lessons learned then with the final development of the
system now - most of which seem to be the result of (i) using
a simulation-based system (ii) the use of general planning
technology (iii) a lack of understanding at the time of the
form of deployable plans. Secondly, here we list our revised
lessons learned from the period of final implementation:

• We recommend using a range of different encodings and
plan languages to prototype the application. As appli-
cation knowledge is acquired by the development team,
the merits of each different encoding will become clearer
over time.

• Be ready to deal with tricky aspects of the application
(e.g. non-determinism) outside of the planning process.
In other words, do not try to include every feature of the
real problem in the solver and focus on the core aspects
in optimization.

• Utilise the existing technology and historical records in
the application which automated planning is going to su-
percede wherever possible (e.g. to provide initial state
values, to provide initial plans from which start the plan-
ning process).

• From the start of the project, it is crucial to understand
the operational environment in which the planning sys-
tem will operate, in terms of technological, functional,
and interaction constraints and characteristics.

• From the start of the project study in detail what the con-
crete form and function of the required plans will be, and
aquire those details from the operators who currently im-
plement the plans.

• From the start of the project, study in detail what goals
the planner needs to solve to be of greatest use to the
stakeholders, and how the plans detailed in the point
above this one can be evaluated in terms of these goals
(as the goals may not be explicit in a state).

• Build up a range of tools, which embody the
axioms/meta-constraints common to all scenarios, to
automatically create both configuration-dependent state
knowledge, and the static structural knowledge. This pro-
cess can be repeated on maintenance and scenario re-use,
making the results of the process less prone to errors.

Conclusion
We have outlined the development of a system which, over
the years, has sought to use AI Planning techniques to gener-
ate traffic signal plans for use by transport operators in urban
traffic control applications. We describe the SIPP that now
is part of a commercial system working for local authorities
in the UK. We then describe the steps in the knowledge en-
gineering process that cover the development of the various
types of knowledge used within the planning and simula-
tion system. Finally, we detailed some lessons learned in the
knowledge engineering process, which we hope will inform
future deployment of planning technology.
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