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Abstract

Computer-aided design (CAD) applications are paramount tools to inspect pip-

ing and instrumentation diagrams (P&ID) that represent the structure and

functionality of oil and gas facilities. These tools allow engineers to navigate

along the P&IDs and facilitate their inspection and maintenance tasks. Usu-

ally, these applications allow the user to search components for their identity

or label. For instance, searching component ID− 2354 or the components with

V alve label. Nevertheless, sometimes, engineers wish to search for a group of

components that has a specific structure or similar to it. For example, they

want to detect the appearances of structures that include a valve check con-

nected to two general valves and a butterfly valve. This paper proposes a

method, based on the graph matching theory, that solves this problem. The

computational complexity to detect the appearance of a component in a P&ID

is linear with respect to the number of components whereas the computational

complexity to detect similar structures is exponential. For this reason, heuristic

algorithms have to be used. The aim of this work is to add this functionality to

a CAD application.
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Figure 1: An example of a portion of a P&ID.

1. Introduction

Piping and Instrumentation Diagrams (P&IDs) are commonly used for rep-

resenting the structure and functionality of oil and gas facilities such as oil rigs

and plants. These complex engineering drawings are generated and inspected

by means of computer-aided design (CAD) tools.5

In the past, they were drawn in books composed of thousands of sheets,

which during the last years have been digitised using several tools [1, 2]. Since

these facilities are huge and composed of thousands of electric, electronic or

mechanical components connected by a vast network of pipelines, working on

the CAD tools has been an important advance, compared to using those huge10

books composed of a large number of sheets. Figure 1 shows a tiny portion of a

P&IDs to illustrate the complexity of the structure of these oil and gas facilities.

CAD applications usually have some tools to search for specific components
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by their identity number and visualise them in their locations at the P&ID

[3, 4, 5, 6, 7, 8]. Nevertheless, the gas facilities have thousands of some specific15

components making the search task overwhelming.

While inspecting or analysing the gas facilities, engineers are usually inter-

ested in some structures, composed of a small set of connected components,

instead of a specific type of component. For instance, they want to detect the

appearances of structures that include a valve check connected to two general20

valves and a butterfly valve. Thus, engineers want to query a structure instead

of a component and visualise it in the P&ID. Note that the aim of this last query

is not to return the locations of the exact appearance of the specific structure

but the locations in which appear structures that could be similar to it. Thus,

considering the example above, it could be interesting to return the locations of25

structures composed of a valve check connected to one or three general valves

and one or two butterfly valves.

This problem fits with the topology challenge of P&IDs contextualisation [9],

[10], whose objective is to understand the topology and connections of P&IDs.

As commented before, there are some CAD applications1 to work with P&IDs,30

which have online tools to quickly visualise the network of components, such as

NetVis or Netlist2CAD2. Some of these tools offer the option to search a com-

ponent and its adjacent components, but none of them gives the possibility to

look for sub-structure and return the similar ones to it. Therefore, the proposed

method could be included into a CAD application.35

If we want to search for structures in the P&ID similar to a query structure,

we need to define a distance between them. The more similar the structures are,

the shorter the distance is. An interesting option to define this distance is to

represent the P&ID as a graph and the structure we are looking for as a smaller

graph, since graphs are mathematical representations of elements composed of40

local parts. Thus, the similarity between structures is defined as the inverse of

1https://www.geminivalve.com/best-piping-design-software/
2http://cfmgcomputing.blogspot.com/p/software-demos.html

3

https://www.geminivalve.com/best-piping-design-software/
http://cfmgcomputing.blogspot.com/p/software-demos.html


a distance between graphs.

Note, moving from detecting the appearance of a component in a P&ID to

detecting the appearance of similar structures in a P&ID makes the problem to

be much more complex. In the first case, it can be solved in a linear time with45

respect to the number of components in the P&ID. In the second case, we are

facing an NP-problem (it is not solvable in polynomial computational cost with

respect to the number of components), worsened by the fact that P&ID have

thousands of components.

We present a method that given a P&ID and a small set of connected com-50

ponents, returns K locations in the P&ID where similar sets of components

appear. Moreover, the method returns them ordered by the distance between

the query structure and the detected one in ascending order. Figure 2 shows

a screen shot of the application. The window application is composed of three

parts. In the upper left corner, the structure query is edited. In the lower left55

corner, the returned structures ordered by increasing distance are shown. In the

right corner, the P&ID is visualised and the detected structures are highlighted.

This research is part of a larger project in which we deepen on semi-supervised

techniques applied to the gas facilities. These techniques are based on solving

problems by introducing the human knowledge as part of the system. For in-60

stance, in [11], we presented a method that aims to make easier human inspec-

tion and validation of automatically digitised P&ID.

The paper is structured as follows. Section 2 presents how graphs can be

used to represent and analyse structured objects. Section 3 presents our method

to detect local structures in P&IDs. Section 4 presents the experiments carried65

out to validate the proposed model. Finally, Section 5 is reserved for conclusions

and future work.

2. Graphs for representing and analysing structured objects

In this section, we introduce and summarise how graphs can be used to rep-

resent structured objects, as for instance P&IDs, and to analyse their content,70
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Figure 2: Screen shot of our application. Upper left corner: query structure. Lower left

corner: returned structures ordered by increasing distance. Right: a portion of the P&ID in

which three locations of the query have been detected.

as for example, locating some specific combinations of components connected

by pipelines. The section is composed of two sub-sections. In the first one,

we summarise the graph matching techniques and the computation of these

techniques. Then, in the second sub-section, we summarise the techniques that

query sub-graphs in a graph.75

2.1. Graph Matching

Attributed graphs are mathematical representations of objects that have the

ability to keep the information of the local parts of the objects. Their applicabil-

ity ranges from automatic character recognition of handwritten characters [12]

to toxicity analysis of chemical compounds [13], between others. These represen-80

tations have been of crucial importance in pattern recognition throughout more

than four decades, [14, 15, 16], since they have been used to model several kinds

of problems. If objects in pattern recognition are modelled through attributed

graphs, error-tolerant graph-matching algorithms to compute the distance be-

tween graphs and a mapping between nodes of both graphs that minimises some85
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objective function are needed. [17, 18].

Given an attributed graph G, we define va as the ath node in G and we

define ea,b as the edge between node va and node vb in G. Similarly, given an

attributed graph G′, we define v′i and e′i,j as the ith node and the edge between

nodes v′i and v′j , respectively.90

One of the most used methods to define a distance between attributed graphs

is the graph edit distance [16]. The graph edit distance between a pair of at-

tributed graphs G and G′ consists in finding the best sequence of edit operations

that converts one graph into another [19]. There are three operations on the

nodes and also on the edges: substitution, deletion and insertion. To quantify95

how much important these operations are while transforming the graphs, a cost

is assigned to them depending on the attributes on the involved nodes or edges.

The cost of substituting a node va by a node v′i is CS
v (a, i). The cost of deleting

a node va is CD
v (a). Finally, a cost of inserting the node v′i is CI

v (i). Similarly

happens with the costs on the edges, the cost of substituting an edge ea,b by100

an edge e′i,j is CS
e (a, i, b, j). The cost of deleting an edge ea,b is CD

e (a, b). And

finally, the cost of inserting an edge e′i,j is CI
e (i, j). Thus, the GED is the

minimum transformation cost, given all transformations from one graph into

another.

A node-to-node mapping f between nodes of both graphs, G and G′, can be105

used to define the mentioned graph transformation. Thus, f(a) = i represents

the mapping from node va to node v′i. We suppose both graphs have the same

number of nodes since they have been expanded with new nodes, called Null.

f(a) = i is a node substitution if both nodes are not Null. It is an insertion if

node va is a Null and v′i is not a Null. Finally, it is a deletion if node v′i is a110

Null and va is not a Null. Similarly happens with the edges.

Computing the GED has an exponential computational cost in the number

of nodes of the involved graphs [20]. For this reason, some heuristic algorithms

have been presented that deduce a sub-optimal distance in polynomial time

[21, 22, 23, 24, 25]. These algorithms define the edit cost of two graphs given a115

specific node-to-node mapping f between nodes of both graphs as the addition
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of the substitution, deletion and insertion costs of the local structure of nodes.

Cost(G,G′, f) =∑
∀Subsv

CS
Star(a, i) +

∑
∀Delv

CD
Star(a) +

∑
∀Insv

CI
Star(i)

(1)

Usually, the local structure of nodes are composed of the node itself, its

connected edges and the nodes these edges connect. These structures are called

Stars [26]. Subsv, Delv and Insv represent the substitutions, deletions and120

insertions of nodes respectively. Moreover, CS
Star(a, i) denotes the cost of sub-

stituting the Star centred at node va by the Star centred at node v′i. CD
Star(a)

denotes the cost of deleting the Star centred at va and CI
Star(i) denotes the

cost of inserting the Star centred at v′i. These Star costs depend on the costs

on nodes and edges CS
v (a, i), CD

v (a) , CI
v (i), CS

e (a, i, b, j), CD
e (a, b) and CI

e (i, j)125

(See [26]).

Finally, the graph edit distance is defined as:

GED(G,G′) = min
∀f

(Cost(G,G′, f)) (2)

One of the newest graph matching algorithms that have been published

is Belief Propagation algorithm [27]. Its computational cost is only linear with

respect to the number of nodes, although in some applications its accuracy could130

be too low. Moreover, it needs some initial node-to-node mappings, which are

called Seeds.

Our method is based on minimising the cost in Equation 1 through Belief

graph matching algorithm [27]. We use this algorithm because it has two main

properties not found in the other algorithms:135

• It is the algorithm that has the lowest computational cost. This property

is important since P&ID could have thousands of components.

• The substituted nodes in G′, which are the query result, form a compact

graph. This property is important since the engineer desires to visualise

compact sub-structures in the P&ID.140
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The Belief graph matching algorithm is composed of three main parts:

• An initial mapping between a pair of nodes is imposed and introduced

into the pending cue. Moreover, the costs between their stars, CS
Star, is

computed and also the node-to-node mapping between the external nodes

of both stars.145

• Iterate this step until the pending cue is empty. The node-to-node map-

ping that has the minimum CS
Star in the pending cue is extracted from

it and marked as part of the final correspondence. The mapped external

nodes of the stars of these nodes are introduced in the pending cue and

their CS
Star are computed.150

• The non-considered nodes of both graphs are added into the final corre-

spondence as deleted or inserted nodes.

2.2. Top-K Sub-graph Search

Finding the appearances of a graph into a larger graph has been widely

used in some applications and currently, social data analysis may be the most155

common application. Usually, this problem is called Top-k sub-graph search

and consists in finding K appearances of a query graph in a commonly larger

graph. This issue has been addressed in two different directions. The first one is

finding the exact appearances of the query graph. Then, the algorithm seeks K

exact sub-graph isomorphisms [28, 29]. The second one is finding sub-graphs in160

the larger graph that are similar to the query graph. Then the algorithm seeks

the K sub-graphs in the larger graph that have the shortest distance between

them and the query graph. In this case, the algorithm returns what is usually

called non-exact sub-graph isomorphism [30, 31, 32, 33].

We are interested in the second type of methods because engineers search165

for similar appearances of the query graph, but not only exact appearances.

Nevertheless, methods presented in [30, 31, 32, 33] and similar ones cannot be

applied to solve our problem because they assume that connected nodes tend to

be similar but, clearly, components connected by pipelines in a P&ID can have
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completely different properties. For this reason, we present our new method170

which has been called Top-K-GED.

3. Top-K-GED for local Structure Detection

Our method defines P&IDs as attributed graphs. In these graphs, nodes

represent components and edges represent pipelines that connect these compo-

nents. Moreover, nodes have only one discrete attribute, which is the component175

identity (valve, compressor,...). Usually, in the graph matching field, this type

of attribute is called Label. Edges are unattributed and undirected since we do

not have information about the type of pipelines or their features. Moreover,

our method defines the local structure to be queried as another graph that has

the same features as the P&ID but it is much smaller.180

Before explaining the algorithm, we set the following three premises that

will condition the values of its input parameters:

• Only engineers know how similar are two compounds in the P&ID. This

knowledge is introduced into the system through the cost of substituting

nodes imposed by the engineers before doing the query. For instance, if185

the engineer queries a graph that has a valve and wants to visualise all

the sub-graphs similar to this query that have this valve, then one has to

impose the substitution cost between a valve and the rest of compounds

to be infinite. Contrarily, if one knows that two compounds are similar,

then one can consider the substitution cost between them to be zero.190

• In a similar way than the previous item, only engineers know how impor-

tant is a compound or a pipeline in the P&ID. This knowledge is considered

in the node and edge deletion and insertion costs.

• Engineers want to visualise the locations where the query or similar queries

appear in the P&ID. For this reason, it is desired that the method returns195

several connected compounds in the P&ID. These restrictions need to be

handled by the search algorithm.
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This section has been divided into two sub-sections, In Section 3.1, the input

and output parameters of our algorithm are defined and the general edit costs

defined in Section 2.1 are adapted to our problem. Finally, in Section 3.2 our200

algorithm is detailed.

3.1. Input and output parameters of our method

Considering the above premises, and assuming va and vb are two nodes of Q

and, v′i and v′j are two nodes of G, the input of our method is composed of:

• Q: A small graph that represents the query.205

• G: A large graph that represents the P&ID.

• Sv: A square matrix of node substitution costs previously set by the

engineer. Each cell is a Real non-negative number that represents the cost

of substituting two types of components and depends on the attribute of

the nodes. Sv(a, i) = CS
v (a, i). All the elements in the diagonal are zeros.210

• Dv: A vector of node deletion costs previously set by the engineer. Each

cell is a Real non-negative number that depends on each specific compo-

nent. Dv(a) = CD
v (a).

• De: Edge deletion cost. Since edges do not have attributes, the cost of

deleting an edge is the same for all edges. It is a constant, De, previously215

set by the engineers, De = CD
e (a, b).

• K: The number of compact sub-graphs the method has to return.

Note the edge substitution cost is not an input parameter since edges do not

have attributes. Moreover, the edge and node insertion costs are not input

parameters either since they equal zero, to assure the number of components in220

the P&ID does not influence on the final distance.

The output of the method is composed of:

• {f1 : Q → G ,..., fK : Q → G}. A list of K node-to-node mappings

between the query graph Q and the P&ID graph G.
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• {Cost(Q,G, f1) ,..., Cost(Q,G, fK)}. A list of K edit costs (Equation 1),225

given the query graph, the P&ID and the above mappings fp, 1 ≤ p ≤

K. If we define Gp as the nodes in G reached by substitutions in fp,

then Cost(Q,G, fp) is the distance between Q and Gp, GED(Q,Gp) =

Cost(Q,G, fp) where GED is defined in Equation 2.

The returned list of mappings f1,...,fK hold the following four conditions:230

• For each 1 ≤ p ≤ K, the set of nodes G(fp(v)), ∀v ∈ Q, defines a connected

sub-graph.

• Components in P&ID can be reached by several mappings. Nevertheless,

two mappings cannot be identical. Formally: If fp(v) = fq(v),∀v ∈ Q⇒

p = q.235

• The mappings f1,...,fK are listed in ascending order on their edit costs.

Formally: Cost(Q,G, f1) ≤ Cost(Q,G, f2) ,..., ≤ Cost(Q,G, fK).

• The mappings f1,...,fK might have to be the ones that return the minimum

cost. Formally: If f /∈ {f1, ..., fK} ⇒ Cost(Q,G, f) > Cost(Q,G, fp),

∀p = 1, ...,K. Note this last imposition cannot always be guaranteed due240

to our algorithm does not always return the optimal solution.

3.2. Algorithm

In this section, we explain Top-K-GED algorithm, that has three main

steps.

In the first one, a cost matrix C is computed with dimensions mXn, where245

m and n are the number of nodes of the query graph Q and the P&ID graph G,

respectively. We assume, m ≤ n. Each cell in C, C(a, i), 1 ≤ a ≤ m, 1 ≤ i ≤ n,

represents the cost of substituting the star Sa in Q by the star Si in G as follows:

C(a, i) = CS
Star(a, i) 1 ≤ a ≤ m and 1 ≤ i ≤ n (3)

In the second step, the K cells in the cost matrix that have the minimum250

value are selected. These substitution costs are used to set the K different Seeds
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that algorithm Belief is going to use in the K times it is run in the next step

of our algorithm. If we define Cp as the p lowest value in C, then,

Seedp = (a, i), being Cp = C(a, i) (4)

Note that several cells can be selected from the same column or from the

same row. Thus, it is accepted to have Seedp = (a, i) and Seedq = (b, j), p 6= q,255

being a = b or i = j but not both.

Finally, in the third step, a slightly modified version of Belief algorithm is

executed K times. Each time, a different seed is used: Seed1, ..., SeedK . Using

a different seed makes the algorithm to return a different mapping between the

query Q and the P&ID G. This property could be considered a drawback in260

other methods but it becomes a must in our case.

In the original Belief algorithm, as it is explained in [27], it computes only

some cells of the cost matrix C. This is the reason why it has a linear cost,

instead of a quadratic cost. Since, in our case, we need the cost matrix to be

computed to deduce the Seeds, in our adaptation, an input parameter of Belief265

algorithm is C instead of the edit costs. Thus, avoiding computing some of the

cells in C in the third step that had been computed in the first step. If we do

not want to consider this optimisation, the call of Belief algorithm would have

to be Belief (Q,G, Sv, Dv, De, Seedp) instead of the call Belief (C, Seedp) that

we propose in Top-K-GED algorithm. Matlab implementation in 3.270

Algorithm Top-K-GED

Input: Q, G, Sv, Dv, De, K

Output: f1, ... , fK , Cost1, ... , CostK , being Costp = Cost(Q,G, fp)

Begin Algorithm

C = ComputeCostMatrix(Q,G, Sv, Dv, De)275

(Seed1, ..., SeedK) = SelectLowerCostCells(C,K)

For p = 1..K

(fp, Costp) =Belief (C, Seedp)

3http://deim.urv.cat/ francesc.serratosa/SW/
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End For

End Algorithm280

4. Experimental Validation

The experimental validation is detailed in five sub-sections. In the first two

ones, we analyse the influence of the graph matching algorithm and the edit

costs on the query results. In the other three sections, we detail the P&IDs

database used in the experiments, we show two examples of query results and285

finally we evaluate the performance of our proposal.

4.1. Analysis of the graph matching algorithm

The aim of this section is to heuristically compare two graph matching algo-

rithms and to show that Belief graph matching [27] is the best option between

them since it returns a compact sub-graph.290

Figure 3 shows a query graph with nine nodes (components) and eight edges

(pipelines) and in the right, its representation based on spatial positions. Yellow

cells represent positions where there is one component. In the lower row, we

show the query results over the same P&ID obtained by two different matching

algorithms. In the left, cyan cells are the components that have been mapped295

by Fast Bipartite algorithm [22] and in the right, cyan cells are the components

that have been mapped by Belief algorithm [27].

We realise that the mapped sub-graph in the P&ID returned by Belief algo-

rithm is a compact sub-graph, which is an important imposition of our method,

while it is not the case of the mapped sub-graph returned by the Fast Bipartite300

graph matching. Nevertheless, the GED (Eq. 2) might be lower in the Bipartite

case than the Belief case since the Bipartite tends to deduce a less sub-optimal

solution (the computational cost is cubic) than Belief (the computational cost

is linear). In our application at hand, it is worth to deduce a more sub-optimal

edit distance but a compact sub-graph than a less sub-optimal one. There are305

nine cyan components found by Bipartite graph matching, this means that it
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has deduced the minimum cost by substituting all the nodes in the query. Con-

trarily, there are only seven cyan components found by Belief algorithm. This

means that it has deduced the best node-to-node mapping which is composed

of seven node substitutions and two node deletions. Finally, the algorithms310

that return an optimal distance [34] cannot be executed due to time restric-

tions. Moreover, returning an optimal edit distance does not mean returning a

compact sub-graph.

(a) Bipartite algorithm. (b) Belief algorithm.

Figure 3: Upper images: In the left, a query graph with nine components and in the right its

representation based on its spacial positions. The yellow squares are components and the dark

blue ones are positions without components. Lower row images: In cyan the query results over

the same P&ID. In the left, Bipartite algorithm [22] has been used and in the right, Belief

algorithm [27]. Pipelines are not shown.

4.2. Analysis of the edit costs

In this section, we study how the different combinations of the edit costs315

affect the returned sub-graphs. To do so, we have to run Belief algorithm three

times with K = 3 given the same query and a synthetically generated P&ID.

The query and the P&ID are composed of 7 and 259 components, respectively.

Edges are only defined between nearby nodes and there are 20 different labels
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equally distributed among the nodes. Thus, the node substitution cost Sv is a320

matrix of 20X20 cells and the node deletion cost Dv is a vector of 20 cells.

In the three runs of the algorithm, Sv has been defined as a matrix of all

ones except for the diagonal cells that equal zero. This means that we consider

all the types of components to be equally different. Moreover, the 20 cells of Dv

and De have been set as follows:325

- In the first run: De = Dv(a) = 0.1, 1 ≤ a ≤ 20.

- In the second run: De = Dv(a) = 1, 1 ≤ a ≤ 20.

- In the third run: De = Dv(a) = 10, 1 ≤ a ≤ 20.

Figure 4 shows the query composed of seven nodes in the upper left image.

The three following other images in the figure show the P&ID and the returned330

three sub-graphs, f1, f2 and f3, since K = 3, in each of the three runs. The last

row in Figure 4 shows the nodes of the query graph that have been substituted

by nodes in the P&ID. In the first case, an exact match has been found. Note the

GED is independent of the rotation and this is the reason why the orientation

of the query is different from the orientation of the first returned sub-graph.335

In the first case, deleting a node and an edge is very cheap, compared to the

substitution cost. For this reason, the three returned sub-graphs are composed

of only two nodes since seven nodes of the query have been deleted. In the

other two runs, the number of substituted nodes increases as it does the cost

of deleting nodes and edges. Only in the last run, the detected sub-graph has340

the same structure than the query, which means that all the nodes have been

substituted and any node is deleted. This sub-graph does not emerge in the

other previous runs because the cost of substituting the nodes was larger than

deleting some of them and only substituting the ones that had the same label.

It is unlikely the user desires the results obtained in the first two runs because345

the number of deleted nodes is too high and the structures seem to be completely

different. This is the reason why it is usual to define the deletion costs higher

than the substitution costs, as it is done in the third run.

In general, De, Dv(a) and Sv(a) are not important per se, but their relation.

Note that if all of these values increase or are multiplied by a Real number, the350

15



Figure 4: Upper left: The query graph and its representation based on its spacial positions.

Upper right and second row: The P&ID components represented by yellow cells and the three

returned mappings in each of the three runs of our algorithm are highlighted in cyan. Upper

right image: First run. Middle left image: Second run. Middle right image: Third run. Lower

row: A detail of the three mappings deduced in the last run. From left to right: f1, f2 and

f3.

16



final optimal node-to-node correspondence will be the same but the GED (2)

will increase or be multiplied by this number. This is because (2) is a linear

equation. Nevertheless, the increase or decrease of one of these values will

make the optimal correspondence to be different and therefore, the resulting

GED. In [19], it is empirically demonstrated that the best results are achieved355

when De = Dv(a) = 0.5Sv(a), given some databases on image identification

or character recognition. In those applications, breaking the graph by deleting

the edges is a frequent operation. Contrarily, in our application, users aim

to visualise graphs almost structurally equal to the ones proposed by them.

For this reason, in the previous experiment, the best results appeared when360

De = Dv(a) = 10Sv(a). This way, we prioritise substitutions instead of deletion

of connections and components. We have realised that numbers larger than

10 make the method to only return graphs that are structurally isomorphic.

Usually, the same type of components is connected to the other components

in the same way. For this reason, we set the cost of deleting a component to365

be the same than the cost of deleting a connection, De = Dv(a). As a final

conclusion, we propose the default combination of values: De = 10, Dv(a) = 10

and Sv(a) = 1.

4.3. Database of Engineering Drawings

We have used four sheets that compose a P&ID presented in the experiments370

of [11]. As explained in that paper, this P&ID is anonymised real data from

an industrial partner. They presented a method to validate the P&IDs in a

semi-automatic way. The data we present is the ground-truth data they used to

validate their method4. Figure 2 shows one of these sheets in our application.

Table 1 shows the number of components and pipelines in each P&ID sheet375

in the first two rows. The total number of components and pipelines appear in

the last column. Moreover, the number of different types of components (which

is the same as the number of different Labels in the nodes) appear in the third

4http://deim.urv.cat/ francesc.serratosa/databases/
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row. Note that many types of components appear in several sheets, for this

reason the sum of the sheets’ labels is not 39. Moreover, Table 2 shows the380

six most common types of components with their number of repetitions in each

sheet.

Sheet1 Sheet2 Sheet3 Sheet4 Total

Components 203 165 261 157 786

Pipelines 360 228 369 164 1121

Labels 23 11 25 19 39

Table 1: Number of components, pipelines and types of components in the four sheets.

4.4. Two examples of sub-graph detection

Before the analysis of the quality of our method in Section 4.5, we show two

examples of sub-graph detection to clarify the method. In the first example,385

the left graph in Figure 5 has been queried in Sheet 2 and shown in Figure 6.

In the second example, the right graph in Figure 5 has been queried in Sheet 3

and shown in Figure 7. In both examples, K has been set to 10.

All edit costs in this section and in Section 4.5 have been set to one. That

is, for the deletion costs, De = Dv(a) = 1, 1 ≤ a ≤ 39 (there are 39 different390

components, as shown in Table 1). And, for the substitution costs, Sv(a, b) = 1

if a 6= b and Sv(a, a) = 0, 1 ≤ a, b ≤ 39.

Table 3 shows, in each row, the returned node-to-node mappings of the first

example. The first two columns are the node-to-node mapping and the cost of

these mappings, respectively. For the rest of the table, if the cell in ith row and395

Label Junction
Valve

Reducer
Continuity Flange

Arrowhead
Ball Label Joint

Number of
262 108 77 68 41 35

appearances

Table 2: Most common types of components in the four P&IDs (or different Labels in the

graphs).
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Figure 5: Queries searched in Sheets 2 and Sheet 3 of our database, respectively. Notation:

C.L.: Continuity label, R.: Reducer, R.D.: Rupture Disc, V.B.: Valve ball, J.: Junction.

Costi

(Eq. 1) v1 = C.L. 2 = R. v3 = J. v4 = J. v5 = R. v6 = C.L.

f1 0 v′2 = C.L. v′40 = R. v′151 = J. v′150 = J. v′41 = R. v′3 = C.L.

f2 0 v′3 = C.L. v′41 = R. v′150 = J. v′149 = J. v′42 = R. v′4 = C.L.

f3 0 v′4 = C.L. v′42 = R. v′149 = J. v′148 = J. v′43 = R. v′5 = C.L.

f4 0 v′5 = C.L. v′43 = R. v′148 = J. v′147 = J. v′44 = R. v′6 = C.L.

f5 0 v′8 = C.L. v′45 = R. v′145 = J. v′144 = J. v′46 = R. v′9 = C.L.

f6 0 v′9 = C.L. v′46 = R. v′144 = J. v′143 = J. v′47 = R. v′10 = C.L.

f7 3 v′6 = C.L. v′44 = R. v′147 = J. v′146 = J. v′98 = R. + F. v′7 = C.L.

f8 4.8 v′10 = C.L. v′47 = R. v′143 = J. Del Del Del

f9 4.8 v′12 = C.L. v′49 = R. v′138 = J. Del Del Del

f10 5 v′11 = C.L. v′54 = R. v′137 = J. v′111 = J. v′100 = F.J. v′107 = A.B.

Table 3: Returned mappings by Top-K-GED in Sheet 2 with K=10. Notation: A.B.: Area

Break, C.L.: Continuity label, F.J.: Flange Joint, R.: Reducer, R.+F.: Reducer+Flange

Joint, R.D.: Rupture Disc, V.B.: Valve ball, J.: Junction.

jth column takes the value ”v′n = M” then it holds that: 1) fi(vj) = v′n: the

node vj of the query Q has been substituted by the node v′n of G. 2) v′n = M :

the label of the image node v′n is M . Contrarily, if the cell in ith row and jth

column takes the value fi(vj) = Del, it means that the node vj of the query Q

is deleted in the node-to-node mapping fi.400

The first six node-to-node mappings produce a zero cost, Costi = 0, i =

1, .., 6. Deletion operations are set to have a non-zero cost and substitution

operations are set to have a non-zero costs when the labels are different. This

configuration forces the label of each query node in Q to be the same as the label

of its image node in G and also the pipelines to be located in the same positions.405
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Figure 6: A screen shot of the first example.

This is seen in the table since the labels in each column are exactly the same.

The rest of mappings produce a non-zero cost, Costi > 0, i = 7, .., 10. Two of

them are achieved by deleting three nodes in the query, f8 and f9, and the other

ones by mapping all the nodes in the query, f7 and f10. Note the substitution

f7(v5) = v′98 produces a non-zero cost since v5 = R and v′98 = R + F . Similarly410

happens with f10(v5) = v′100 and f10(v6) = v′107. Finally, we realise that different

mappings have query components mapped to the same component in the P&ID.

For instance, f6(v6) = f8(v1) = v′10 or f1(v4) = f2(v3) = v′150.

Figure 6 shows a screen shot of the first example. The six first mappings

that returned a null cost are highlighted by red points and rectangles. Some415

rectangles are overlapped, this is because, as we have just commented, different

mappings have query components mapped to the same component in the P&ID.

The four last mappings that returned a positive cost are highlighted by blue and

green points and ellipses. The mappings that have deletions (f8 and f9) have

blue points and the mappings without deletions (f7 and f10) have green points.420
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There are some overlapping parts between ellipses and rectangles.

Figure 7 shows a screen shot of the second example. In this case, we do

not show the specific mappings, as it is done in Table 3 but we realise two

mappings returned cost zero and the other eight ones returned a larger cost.

Six of them do not have node deletion operations and three of them have node425

deletion operations. As in the previous case, we observe there are nodes that

are involved in several mappings.

Figure 7: A screen shot of the second example.

4.5. Recall: The metric of the quality

We have used the Recall to analyse our method, as it is usual in the retrieval

applications.430

Recall =
Number of relevant retrieved sub-graphs

Number of relevant sub-graphs in the P&ID
(5)

The relevant retrieved sub-graphs are the sub-graphs returned by the system

that have a cost lower than a threshold when compared to the query. The
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number of relevant sub-graphs in the P&ID are the ones that have a cost lower

than the same threshold when compared to the query. This threshold is a

parameter independent of our method and it is defined to decide which returned435

sub-graphs are considered correct and which are not. Note, being under or lower

this threshold is not bad or good, by itself. The threshold is only needed to

perform a fair normalisation. More specifically,

Recall(Q,G,K,Costmax) =
|{fp : Q→ G, p = 1...K s.t. Cost(Q,G, fp) 6 Costmax}|

|{f : Q→ Gs.t. Cost(Q,G, f) 6 Costmax}|
(6)

Where Costmax is the previously commented threshold. Note the numer-

ator depends on K and Costmax but the denominator only depends on Costmax.440

Thus, Recall is a non-decreasing function with respect K given a specific Costmax.

If K increases, the number of relevant retrieved mappings should increase. As

a consequence, for each query Q and a fixed Costmax when K increases, Recall

should increase up to its maximum value, 1.

Figure 8 shows the average Recall obtained in the four sheets of the database445

given 10 different query sub-graphs and three different thresholds, Costmax.

Given that all edit costs equal one, when Costmax = 1 only one deletion opera-

tion (on a node or on an edge) or one node substitution with different labels is

allowed. In the cases that Costmax = 2 or Costmax = 3 further combinations

of edit costs are allowed that have a cost lower or equal to Costmax.450

If we fix parameter K, the value of the numerator and the denominator

only depends on parameter Costmax. Moreover, both, the numerator and the

denominator, are non-decreasing functions with respect Costmax. From the

experiment shown in Figure 8 we realise the Recall tends to be higher when

Costmax is higher, given a specific K. Nevertheless, it is not always true, as we455

can see in the higher values of Sheet 2, Sheet 3 and Sheet 4.

Finally, note that the average Recalls returned in the four plots in Figure 8

do not achieve 1. This is because K has not been set larger enough. We do not

have used values larger than 200 since it is not usual in this type of applications,
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Figure 8: Average Recall returned by our method given 10 queries in the four sheets.

where the engineer has to look up a whole P&ID.460

The conclusion of the experimental section is that our method is useful to

detect sub-graphs in P&IDs. We first have seen that given different configura-

tions of edit costs, the returned sub-graphs have different properties and for this

reason, these edit costs are parameters that the user has to deal with. Then,

we have shown two examples of queries in two different sheets. We have seen465

that we have a friendly application in which it is easy to visualise the queried

sub-graphs. Finally, we have visualised the Recall, which is a common met-

ric in database retrieval. We have seen its dependencies on parameter K, and

therefore, a parameter that the user also has to deal with.
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In Figure 9, we show average runtimes in seconds of our algorithm (Matlab470

2020a and Intel Core i7). We realise that the runtime is linear with respect to

K although the increment is not very important.

Figure 9: Average runtimes of our method.

5. Conclusions and Future Work

Engineers that maintain gas and oil factories use CAD applications to inspect

piping and instrumentation diagrams. These applications allow them to search475

for specific components but not to search for groups of connected components

that are similar to some specific structure. This paper proposes a method

that solves this problem with the aim of adding this functionality to a CAD

application. The method has been framed in the graph theory. Since graph

matching is an NP problem, heuristic algorithms have been used to achieve an480

acceptable runtime at the cost of not obtaining the optimal results.

Our method has been applied to four piping and instrumentation diagrams,

which had been previously published, and we show some examples of sub-graph

detection. We do not compare our method to other ones since we have seen

that none of the published ones can be adapted to our problem. On the one485

hand, the other graph matching algorithms cannot be applied since they return

non-connected sub-graphs. On the other hand, the other Top-K searching sub-
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graph algorithms cannot be used since they return only an exact match or they

are based on the feature that close nodes tend to have similar properties.

The next step in our work will be the implantation of the beta version of490

our code in a CAD application. Moreover, we also want to add other function-

alities, which are related to searching for a set of components. For instance, the

automatic replacement in the CAD sheets of some components that are part of

the returned sub-graphs.
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