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Abstract. Process mining provides enterprises with insights into their 
business processes based on event data extracted from information sys-
tems. Techniques such as process discovery, conformance checking, and 
performance analysis enable the modeling, evaluation, and optimization 
of processes. Meanwhile, an activity execution is recorded as events rep-
resenting transitions within the lifecycle of an activity, and the collection 
of these events is referred to as an activity instance. To accurately rep-
resent activity instances, event logs, a commonly used format of event 
data in process mining, require the correlation of events. However, real-
world event logs often lack such information, leading to unreliable or 
biased results. This pap er presents a novel approach to identify activ-
ity instances. By correlating events using bipartite-graph matching and
alignment, we identify activity instances conforming to the lifecycle of the
activity. The experiments demonstrate the effectiveness of the method
and its robustness to noise and missing events using event logs across
various domains.
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1 Introduction 

Process mining allows organizations to derive factual insights into their business 
processes based on execution data extracted from information systems support-
ing process operations [1]. Owing to the strict linearity in information systems 
logging, execution data are typically logged as events, which capture tr ansitions
within an activity execution, referred to as an activity instance.

To ensure reliable process mining, it is essential to capture the entire lifecycle 
of an activity instance. Beyond the typical attributes of event data—(i) the event 
class (i.e., the associated activity), (ii) the transition, (iii) the timestamp, and 
(iv) the process instance (i.e., case) identifier—the correlation between events
associated to the same activity instance is critical. Yet, in real-world event logs,
these relationships are frequently absent [8, 9]. As shown in Fig. 1, scenarios with 
identical event footprints for two activit y instances within a case, extending the
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Fig. 1. Two scenarios of activity instance identification with the same footprint

examples from [1], highlight how this lack of correlation leads to ambiguity, 
resulting in arbitrary identification of activity instances. Consequently, process 
mining techniques that rely on timestamps to measure efficiency or order events
may yield inconsistent and unreliable results [2, 3]. Retrofitting information sys-
tems to capture these correlations is often prohibitively expensive. Therefore, a 
method to correlate ev ents belonging to the same activity instance is necessary.

The presence of data quality issues further complicates t he identification of
activity instances [10]. For example, the uneven number of events for each tran-
sition of every activity instance implies the presence of noise or missing events.
Figure 2 illustrates the footprint of an activity as recorded in a real-world log. 
The footprint may be interpreted in various ways: one might pair a start event 
with a subsequent complete, treating remaining events as extraneous noise, or, 
alternative ly, one could assume the activity was executed twice, with one start
event missing before one of the complete events.

In this paper, we propose an approach for activity instance identification. The 
process begins with preprocessing an event log, a structured representation of 
event data, to filter out noise and insert missing events. Next, we identify the 
execution boundary events, which define the actual start and completion of an 
activity’s execution using Bipartite Graph Matching (BGM). Acknowledging the 
limitations of intractable issues like missing events, we introduce a variation that 
incorporates certainty levels based on the how close a transition is to the start or 
complete of an activit y, as described in the Transactional Lifecycle Model (TLM),
which outlines the lifecycle of an activity. This design choice aims to minimize the
impact of missing events by accounting for their proximity and extract the max-
imal number of instances rather than discard the unmatched events [12]. Finally, 
for each pair of boundary events, we extract all related events such that the entire 
collection conforms to the TLM, thereby defining a complete activity instance. 
We evaluate our approach using a synthetic event log and three real-world logs,
demonstrating its effectiveness and robustness against noise and missing events.

The paper is structured as follows. Section 2 reviews related work. Section 3 
provides the foundation for the method in Sect. 4,  evaluated  in  Sect. 5. Finally, 
Sect. 6 summarizes our contributions and o utlines future directions.

Fig. 2. Footprint of W_Completeren aanvraag in case 179080 from [8]
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2 Related Work 

This paper focuses on accurately correlating events as activity instances within 
a case, an issue that has received limited attention. We investigate techniques for 
event correlation and discuss their applicability to the identified challenges. In 
the following, w e categorize them based on the requirement of predefined models
that outline expected sequences and interactions of concepts of interest.

Model-independent approaches identify event correlations without predefined 
relationships. Van der Aalst suggests using specific attributes, such a s names or
addresses, to correlate events when available [1]. Another method groups events 
of the same activity by applying a timeout window, treating ev ents within
that timeframe as an activity instance [1]. Clustering-based techniques create 
event representations and group them by similarity [13, 15]. Supervised learning 
approaches predict event labels based on statistical patterns [4, 23], which can be 
adapted to predict transitions. However, segmenting events for the same activ-
ity instance remains a challenge, often relying on solutions like those from [1]. 
Without explicit constraints, these methods may generate transition sequences 
that contradict with an activity’s lifecycle. Some approaches assume a generally 
accepted temporal order, where a start event must precede a complete event of
an activity instance. In [1], the author proposes to heuristically identify activity 
instances using a First-In-First-Out (FIFO) principle, as shown in the first sce-
nario of Fig. 1. For instance, events from a wafer scanner are mapped to job steps
using FIFO [21], based on the sequential flow of test jobs. However, some events 
remained unmapped due to incomplete event-to-activity associations, highlight-
ing the limitations of relying solely on domain knowledge. Moreover, the FIFO 
principle may not be applicable in all scenarios. These methods focus on bound-
ary events based on specific assumptions and overlook other transitions that
provide a more detailed view of an execution.

In contrast, model-dependent approaches leverage the established relation-
ships between events. For instance, [7] applies a probabilistic optimization 
technique to correlate events within the same case by minimizing misalign-
ment between the correlated log and a process model. Another study maps 
event lab els to activities in a model, comparing log behavior with the model
to ensure conformity [6]. This approach relies on domain knowledge to resolve 
ambiguous mappings and assumes an acyclic process structure. Additionally,
[5] leverages domain knowledge annotated on a process model to define event-
activity relationships through textual analysis, treating events as time-interval 
transitions of higher-level activity instances. Alignment-based approaches match 
events to a process model, with the aligned events forming an instance at a higher
level [18, 19]; however, these methods can be non-deterministic.

3 Preliminaries 

Let .X be a se t. .P(X)={X |X ⊆X} denotes the powerset of .X and .|X| is the 
number of elements in . X. . A is the universe of activities, . C denotes the universe of
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case identifiers,  and .T S is the universe of timestamps. A se quence is a function
.σ : {1, 2, . . . , n}→X, denoted a s . x1, x2, . . . , xn ,  whe  re .∀1≤i≤n : σ(i)=xi,  a  nd
.xi∈σ denotes an element in . σ. .|σ| denotes the length of . σ,  and .X∗ represents the 
set of all possible sequences over . X.  L  et .σ= x1, x2, . . . , xn X∗ and .σ ∈X∗.  W  e
write .σ ⊆σ if .∀1≤i<j≤|σ | : ∃1≤m<n≤|σ| : σ (i)=σ(m)∧σ (j)=σ(n).  We  insert  
an arbitrary element . y after .0 ≤ i ≤ |σ| in . σ with a function .insert. For example, 
given .σ= x1, x2, x3 , .insert(σ, y, 2)= x1, x2, y, x3 . The position of . 0 indicates 
the insertion before the first element of . σ,  e.  g. .insert(σ, y, 0)= y, x1, x2, x3 . 

A TLM describes the lifecycle of a succe ssfully executed activity.

Definition 1 (Transactional Lifecycle Model). A transactional lifecycle 
model of any .a∈A is a tuple .TLMa=(Sa, T a, sa

init, s
a
succ, S

a
active, t

a
s , tac ),  whe  re

.Sa is a set of states and .T a⊆Sa×Sa are transition labels between the states s.t.

– .sa
init∈Sa is the initial state, where . (s1s2) ∈ T a : s2=sa

init, 
– .sa

succ∈Sa is the successful completion state, where . (s1s2) ∈ T a : s1=sa
succ, 

– .Sa
active⊆Sa is a set of active states,

– .tas∈T a is the start transition, where .∃s∈Sa\Sa
active : ∃s ∈Sa

active : (s, s )=tas , 
– .tac∈T a is the complete transition, where . ∃s∈Sa\Sa

active : ∃s ∈Sa
active :

(s , s)=tac . 

We define a function . LC(TLMa)={σ∈Sa∗|σ(1)=sa
init, σ(|σ|)=sa

succ,∀1≤i<|σ| :
(σ(i), σ(i+1))∈T a,∃!1≤i<j<|σ| : (σ(i), σ(i+1))=tas ∧ (σ(j), σ(j+1))=tac}, 
extracting all state sequences that describe complete life cycles of an activity.
For every .s∈Sa : ∃σ∈LC(TLMa) : s∈σ.  The  active transitions are . T a

active=
{tas , tac}∪{(s1s2)∈T a | s1s2∈Sa

active}. .T a is the set of all tr ansitions for any
.a∈A

Fig. 3. Visualization of a standard 
TLM. Nodes represent states, with 
transitions annotated on arrows and 
active transitions highlighted.  

. 

Given . ,  i  ft∈T a . ,t  /  ∈T . is not a valid tran-
sition that leads t o the successful exe-
cution of

t 

. , e.g., cancel or ab ort. 
Fo r

a
. , t1,  t2∈T a

. precedes t1 . , denoted 
as

t2
. , iff there is a patht1≺t2 . 

,  and

σ∈T ∗ : σ(1)=t1∧ 
σ(|σ|)=t2∧∀1≤i<|σ| : σ(i)=(s1s2)∧σ(i+1) 
=(s3s4) ⇒ s2=s3 .t2 t1. . 
denotes all paths from

P(t1,  t2)⊆ T ∗

. to t1 . . Figure t2 3 
visualizes a TLM, derived from [11]. 

Events associated with a case are orga-
nized into traces, forming an event l og.

Definition 2 (Event, Trace, Event Log). An event is a tuple . 

referring to case 
e=(c, a, ts, t) ∈ 

C×A×T S×T a
. , activity c . , timestamp a . and transition t . . 

We project the information with a function
t

. s.t. # . , #case(e)=c . , #act(e)=a
. ,  and  #ts(e)=ts . .  L  et  #tr(e)=t . . A trace is a sequenc eE=C×A×T S× T . , 
wher e 

σ∈E∗

. and ∀e1,  e2∈σ :  #case(e1)=#case(e2) . . 
An event l og 

∀1≤i<|σ| :  #ts(σ(i))≤#ts(σ(i+1))
. is a set of traces wher eL⊆E∗ 

. 

.
∀σ1,  σ2∈L : ∀e1∈σ1∀e2∈σ2 :  #case(e1) 

=#case(e2)⇔σ1 =σ2



In the rest of the paper, we refer to the TLM of an event through its associ-
ated activity. We denote the activities in
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. by L . . 
Given 

A(L)={#act(e)|σ∈L, e∈σ}⊆A
. and σ∈L . , we project a∈A(L) . onto σ . s.t. a . ,  whe  re  σ↑a ⊆ σ

. . The projection o f∀1≤i≤|σ| :  #act(σ(i)) = a ⇒ σ(i)∈σ↑a . on L . is denoted 
by 

a 
. . L↑a={σ↑a⊆σ|σ∈L}
An activity instance is a sequence of events in a trace that align w ith the 

TLM of the corresp onding activity.

Definition 3 (Activity Instance). Let . be an event log. GivenL . ,a∈A(L) . , 
and 

σ∈L
.σ , ⊆σ↑a .σ is an activity instance of . if a . ∃σs∈LC(T  LMa) :  ∀1≤i<|σs| : 

(σs(i),  σs(i + 1))=#tr(σ . The execution time o f(i)) .σ is defined as the 
duration between the start and complete events, i.e., . ∃!1≤i<j ≤  |σ | : 
#tr(σ (i))=ts∧#tr(σ (j))=tc ⇒ #ts(σ (j))−#ts(σ is the execution t ime o f(i))
. σ . 

We formulate the activity instance identification as a BGM problem by const-
ructing a weighted labeled bipartite graph, which is a tuple . , 
where 

G=(V1,  V2,  E, λ,w)
. and V1 . are disjoint sets of nodes, V2 . are a set o f e dges,E⊆V1×V2 

. is a labeling function, andλ : V1∪V2→N . is a weight func-
tion, denoted a s

w : E→R≥0

. for an y we=w(e) . . A BGM is a selectione∈E .E s.t. ⊆E 
.∀(v1,  v2)∈E : ∃(v1,  v )∈E ⇒v =v2∧∃(v ,  v2)∈E ⇒v .  L  et=v1 . denote all pos-
sible matchings. A maximum weighted BGM yields a matching

EM 
.E s.t. ∈EM 

. E ∈EM : Σe∈E we>Σe∈E w e. 

4 Method 

In this section, we outline the method in Sect. 4.1. Section 4.2 describes the 
preprocessing, followed by activity instance identification in Sect. 4.3. 

4.1 Overview 

Figure 4 illustrates the method. First, we preprocess an event log to ensure that 
every executed activity has corresponding boundary events within a case, specif-
ically a start event followed b y a complete event. We identify three challenges 
and propo se preprocessing steps for each:

1. Inactive activity filtering: We remove noise from events related to unexe-
cuted activities, such as scheduling even ts that do not result in an execution.

2. Atomic activity completion: Atomic activities are executed instanta-
neously and typically recorded with a single transition (e.g., a form sub-
mission captured solely as a complete event). W e address this by inserting 
complementary events with the same timestamp.

3. Missing events remediation: Non-atomic activity instances can span a 
time interval yet may only capture a single active transition. We insert com-
plementary missing events to guarantee the existence of boundary events.
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Fig. 4. Method Ov erview 

After preprocessing, we match start and complete events to define 
the boundaries of activity execution. Establishing on the basis, we refine 
the collection for each instance, ensuring alignment with t he associ-
ated TLM. Figure 5 visualizes a log with four traces, which we use to 
illustrate the method. Each chevron r epresents an event. F or instance,
. σ101= (101,  A,  12:53:45,  resume), (101,  B,  12:56:48, complete), (101,  D,  13:15:45, 
start), (101,  B,  13:18:04,  autoskip  ), (101,D, 13:23:12, complete), (101, C, 15:12:02,
complete) is a trace of case . . This example highlights the challenges that we 
will discuss in detail s hortly.

101

4.2 Preprocessing 

We apply specific assumptions to detect the data quality challenges and p repro-
cess accordingly. The TLM in Fig. 3 is applied to all activities in Fig. 5. 

Inactive Activity Filtering. We assume that an activity is executed if its 
events with active transitions are observed within a trace or if the transition 
may lead to an activity instanc e. For instance, all events related to activity D are
excluded as noise in . , since no active transitions for D are present withinσ102 . . 
Also, all events of the invalid transition autoskip in Fig.

σ102

5 are filtered out. 

Atomic Activity Completion. Building upon the consistency princi-
ple, i.e., uniform representation of data across all events [10, 24], we assert 
that if only start or complete transition for an activity is o bserved in a 
log, the activity is atomic. Let . be a log. Let L . be the active 
transitions, and 

T a 
active

. and ta 
s . the start and complete transitions i nta 

c . 

for 
T  L  Ma

. . The function a∈A(L) . detects atomic activities as atom : P(E∗)→P(A) 
. 

. Definition 
atom(L)={a∈A(L)|T ={#tr(e)|∀σ∈L∀e∈σ↑a :  #tr(e)∈T a 

active} and|T |=1∧T⊆{ta 
s ,

tac}} 1 defines the minimal requirement of an activity instance as

Fig. 5. A motivating example of activit y instance identification
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. and ∀σ∈L . ,  i  f  1≤i≤|σ|
. : #act(σ(i)) ∈ atom(L )

. σ=
insert(σ, (#case(σ(i)), #act(σ(i)), #ts(σ(i)),  ta 

c ),  i), if #tr(σ(i))=ta 
s , 

insert(σ, (#case(σ(i)), #act(σ(i)), # ts(σ(i)), tas), i−1), otherwise.

Missing Events Remediation. If only one active transition is observed within 
a trace for a non-atomic activity, we assume that events with other active tran-
sitions are absent. Let . be a log. For eac hL . and σ∈L . ,  i  f  1≤i≤|σ| . 

, 
#act(σ(i)) /∈ 

atom(L ) . ,  and  #tr(σ(i))∈T a 
activ e . 1≤j≤|σ| : i=j∧#act(σ(i))=#act(σ(j)): 

– If . , we define a function#tr(σ(i))=ta 
s . to insert the 

corresponding complete event: 
insertComplete(σ, i )

. σ =
insert(σ, (#case(σ(i)), #act(σ(i)), #ts(σ(i + 1)),  ta 

c ),  i), if i  <  |σ|, 
insert(σ, (#case(σ(i)), #act(σ( i)),#ts(σ(i)), tac ), i), otherwise.

– If . , we define a function#tr(σ(i))=ta 
c . to insert the corre-

sponding start e vent: 
insertStart(σ, i )

. σ =
insert(σ, (#case(σ(i)), #act(σ(i)), #ts(σ(i−1)),  ta 

s),  i−1), if i  >  1, 
insert(σ, (#case(σ(i)), #act(σ(i)), #ts(σ(i)), tas), i−1), otherwise.

– Otherwise, . . σ = insertComplete(insertStart(σ, i),  i + 1)

Figure 6 illustrates the preprocessing. Activity B is considered atomic,  since  
the only observed transition throughout the log is complete. H ence, we insert a 
start event with the same timestamp in . andσ101 . . The event of B is excluded 
in

σ102

. owing to inactive activity filtering. For non-atomic activities, complemen-
tary events are inserted as exemplified in

σ104 

. , e.g., a start event of C is inserted 
with the timestamp derived from the preceding event. In

σ101

. , both start and 
complete events are introduced for A, since resume signifies that A was executed, 
despite the missing start a nd complete events.

σ101

4.3 Activity Instance Identification 

We identify the boundary events by formulating it as an optimization problem, 
adapted from [17]. Next, we present a variation that incorporates the certainty 
of the information. Finally, w e refine the collection as a ctivity instances.

Fig. 6. Event log preprocessing based on Fig. 5.  Excluded  events  are  shown  in  gray,  
while inserted events are highlighted with their associated timestamps.
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Let . be a log and L . and ta 
s . be the start and complete 

transitions o f
ta 
c 

. for T  LMa . . The function a∈A(L) . returns a 
set of index tuples

Match : E∗→P(N×N) 
. for an y Match(σ) . ,  whe  re  σ∈L . 

– 

∀(i, j)∈Match(σ ) :

. . 1 ≤ i  <  j  ≤  |σ|  ∧  #act(σ(i)) = #act(σ(j))
– . . #tr(σ(i)) = t #act(σ(i)) 

s ∧ #tr(σ(j)) = t #act(σ( j))
c

– . . ∀(m, n) ∈ match(σ) :  {m, n}  ∩  {i, j} = ∅ ∨ (m,n) = (i, j)

Let . ,  whe  re  G=(V1,  V2,  E, λ,w) . and V1={σ(i)|1≤i≤|σ| :  #tr(σ(i))=ts } . 

. The function 
V2 = 

{σ(i)|1≤i≤|σ| :  #tr(σ(i))=tc } . labels a node with its p osi-
tion in 

λ 
. s.t. σ . . Edges are defined a s∀v∈V1∪V2 : v=σ(λ(v)) . 

,  and  
E={(v1,  v2)∈V1×V2 

|λ(v1)<λ(v2)∧#act(σ(λ(v1)))=#act(σ(λ(v2)))} . 

. We match 
∀(v1,  v2)∈E : w(v1,v2) = 

1/(λ(v2)−λ(v1)) . and V1 . using Integer Linear Programming 
(ILP) by assigning variable

V2 

. to eac h x(v1,v2)∈{0, 1 } . ,  where  (v1,  v2)∈E . ∀v2∈ 
V2 : and v1∈V1 

x(v1,v2)≤ 1 .∀v2∈V2 : ,  s.  t.  v1∈V1 
x(v1,v2)≤1 . (v1,v2)∈E w(v1,v2) 

x(v1,v2 ) is maximized. In this formulation, . encourages matching events 
that are close in a trace, and the edges ensure only eve nts of the same activity 
are paired. Figure

w(v1,v2) 

7a shows the graph with the matching for . in Fig. σ103 6. 

Matching with Uncertainty. We estimate timestamps for missing events 
based on the nearest event, introducing a degree of uncertainty . For example, 
for a missing start event (see Fig. 2), we select the “schedule” as a substitute. 
We prioritize best-effort matching to maximize identified instances. Thereby, 
we refine the matching by establishing a certainty ranking, which assesses the 
confidence in an event based on its proximity to s tart or complete transitions.

Definition 4 (Certainty Ranking). Let . 
for any 

T  LMa=(ssa ,  T  a sa 
inits

a 
succ,  S  aactive,

tas , tac ) . .  L  et  a∈A . . We define a function, denoted a st1,  t2∈T a
. rnka : 

T a ×  T a N,  where,  i  f . , t1≺t2 ∨ t2≺t 1 . 

; otherwise, 
rnka(t1,  t2) = min({(|σ|−1) | t1≺t2 : σ ∈ 

P(t1,  t2) ∧ t2≺t1 : σ∈P(t2, t1)}) . . rnka(t1,  t2) = ⊥

Let . be a log. For anyL . ,  let  σ∈L . ,  where  G=(V1,  V2,  E, λ,w) . 

and 
V1= 

{σ(i)|1≤i≤|σ|} . is constructed the same. The labeling functionV2 . 

assigns positions in 
λ 

. , and the edgesσ . and weight function E . are 
defined similarly. We incorporate the certainty ranking for the matching, d efined
as

w 

.rnks : V1 N for . ,  where  V1 . ,  given  ∀v∈V1 . , e=σ(λ(v)) . 

; like-
wise, 

rnks(v)= max 
({rnk#act(e)(t 

#act(e) 
s ,  t)|t∈T #act(e)})  +  1  − rnk#act(e)(t 

#act(e )
s ,#tr(e))

.rnkc : V2  N,  where  . ,  given  ∀v∈V2 . , e=σ(λ(v)) . 

. We match the events 
for the maximal certainty by assigning

rnkc(v)= max({rnk#act(e) 

(t #act(e) 
c ,  t)|t∈T #act(e)})  +  1  − rnk#act(e)(#tr(e),  t#act(e)

c )
. to eac h x(v1,v2)∈{0, 1} . 

s.t. 
(v1,  v2) ∈E

. (v1,v2)∈E w(v1,v2)·(rnks(v1)·rnkc(v2))·x(v1,v2 ) is maximal, subj ected to 
.∀1≤i≤|σ| : (v1,v2)∈{(v1,v2)∈E|λ(v1)=i∨λ(v2)=i} x(v1,v . The same example, 
incorporating certainty, is illustrated in Fig.

2)
≤ 1

7b, with a different matching com-
pared to those obtained through naïve matching.
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Fig. 7. Comparison of matching based o n . from Fig. σ103 6: Upper nodes represen t . 

and lower nodes 
V1 

. in a bipartite graph. Nodes are color-coded by activity (blue for A, 
green for C ) and annotated with the transition and trace position.

V2 

Activity Instance Refinement. We identify activity instances by aligning 
every trace with the TLM through alignment [3]. 1 For each matching, we 
anchor the boundary events by adjusting the cost of log moves and identify 
other unmatched events s uch that the entire collection forms a c omplete activity
instance. Figure 8 shows the correlation among events that constitute activity 
instances, based on the matching presented in Fig. 7. The naïve matching results 
in all events assigned to activity instances, whereas the matching with uncer-
tainty ident ifies the complete event of activity A as noise.

5 Evaluation 

We compare the proposed methods with FIFO and alignment. Figure 10 
depicts the process for each method. Since FIFO only considers start and com-
plete events, we apply the refinement described in Sect. 4.3. For alignment, we 
extract event sequences within a trace that conform to t he TLM without any 
prior matching using [3]. Events of an activity within a trace are repeatedly 
mapped to the TLM until no start event is followed by a complete event of the 
same activity within the trace; subsequently, we discard aligned event sequences 
that do not contain a start followed by a complete, as per the definition of an 
activity instance. All methods use the same preprocessed logs.2 

Fig. 8. Activity instance identification for . . Events of the same activity instance 
are connected with dashed lines to show their correlation.

σ103

1 Since the implementation requires a Petri net, we convert the standard TLM into a Petri net 
based on transitions with only active transitions mandatory, as presented in Fig. 9. 

2 Due to space constraints, a subset of results is presented. Implementation and complete results 
are available at https://git.rwth-aachen.de/chiaoyun.li/activity-instance-identification. 
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Fig. 9. Petri net of Fig. 3 

Fig. 10. Methods to identify activity 
instances for comparison 

Fig. 11. A process for equipment repair and maintenance service, where Register repair 
and Order machine are atomic, while the others are non-atomic and follow the standard 
TLM in Fig. 3. 

We evaluate our approach using a synthetic event log simulated from the 
process model in Fig. 11. To assess robustness, we introduce noise by inserting 
10%, 20%, and 30% noise into the log. Noise events are generated by randomly 
selecting a case, an activity, a timestamp, and a transition in the TLM of the cor-
responding activity. We randomly r emove events in 5% increments up to 30% to 
assess their robustness to missing events. Following the assumption from [7], we 
expect instances of the same activity exhibit similar execution durations. Thus, 
we report the average normalized Earth Mover’s Distance (EMD) of execution 
times to compare the method’s effectiveness from a temporal perspective [20]. 
The results are reported in Table 1, showing a general decline in performance as 
noise increases. FIFO achieves higher accuracy compared to other methods, with 
naïve BGM ranking next, while naïve BGM demonstrates the best recall. The 
F1-Score reveals that as noise increases, performance shifts from favoring FIFO 
to naïve BGM, highlighting the robustness of the proposed method. The EMD 
results f urther validate that naïve BGM is more resilient to noise. Overall, FIFO 
and naïve BGM excel in different aspects, followed by alignment, while BGM
with uncertainty performs the worst. Figure 12 illustrates the methods’ robust-
ness to missing events. Interestingly, while the BGM with uncertainty remains 
the lowest performance, its robustness improves as the ratio of missing events
increases.



Fig. 12. F1-Score by per-
centage of missing events 

We assess the practical applicability of the meth-
ods on two publicly av ailable logs from the loan 
application process [8, 9] using the standard TLM 
and a case study (CS) with sensor data collected 
from devices distributing packages. In the case study, 
a domain-specific TLM w as developed in collabora-
tion with experts, reflecting the rankings established 
in [16]. Since no ground-truth for event correla-
tion is available, accuracy and recall cannot be com-
puted. Hence, we evaluate the effectiveness based 
on the number of activity instances detected and 
the E MD of the execution times between FIFO and 
other methods, selected as the baseline due to its 
common use [14, 22] and the accuracy it achieved 
with the synthetic log p reviously. 

Table 1. Metrics based on synthetic log with increasing noise t hresholds 
Accuracy Recall F1-Score EMD 
0 0.1 0.2 0.3 0 0.1 0.2 0.3 0 0.1 0.2 0.3 0 0.1 0.2 0.3 

FIFO 0.83 0.81 0.79 0.77 0.74 0.72 0.7 0.68 0.78 0.76 0.74 0.72 0.01 0.03 0.03 0.05 
Alignment 0.58 0.57 0.56 0.55 0.71 0.71 0.7 0.69 0.64 0.63 0.62 0.61 0.05 0.06 0.06 0.08 
BGM [Naïve] 0.78 0.76 0.75 0.74 0.75 0.73 0.72 0.71 0.76 0.75 0.73 0.73 0.01 0.02 0.03 0.04 
BGM [Uncertaint y] 0.64 0.55 0.5 0.45 0.11 0.1 0.1 0.09 0.19 0.17 0.16 0.16 0.24 0.14 0.13 0.13 

Similar to the experiments conducted on the synthetic log, FIFO and naïve 
BGM yield comparable results in the number of instances extracted, while BGM 
with uncertainty identifies a greater number of instances. Further analysis reveals 
that the execution of activities such as W_call after offers and W_Call incom-
plete files are often captured with only start or suspend without corresponding 
complete events in [9], indicating the execution of activities with missing events. 
Regarding the EMD, alignment achieves the lowest values for both [9]  and  t  he  

Fig. 13. Runtime per trace i n s econds
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Table 2. Number of activit y instances 
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[ 8] [ 9] CS 

FIFO 12,744 12,744 111,080 

Alignment 12,524 12,524 110,420 

BGM [Naïve] 12,744 12,744 111,080 

BGM [Uncertainty] 12,828 12,828 131,624 

Table 3. Average  EMD  to  F  IFO  
[ 8] [ 9] CS 

Alignment 0.0235 0.0012 0 
BGM [Naïve] 0 0.0047 0 
BGM [Uncertainty] 0.2159 0.0397 0.0062 

case study. In contrast, BGM with uncertainty results in larger EMD, suggesting 
ineffective matching, consistent with findings from previous experiments. Hence, 
although BGM with uncertainty can extract more instances despite the miss-
ing events, these results highlight the need for improvements in the formulation 
(Tables 2 and 3). 

Lastly, we assess the efficiency by measuring the runtime p er trace, as illus-
trated in Fig. 13a. FIFO proves to be the most efficient due to its straightforward 
approach. In contrast, BGM with uncertainty, while extracting the most activ-
ity instances, is the slowest one. Figure 13b breaks down the runtime into the 
second and third steps of each method. It shows that the refinemen t is the most 
time-consuming step, primarily due to the application of alignment.

Limitations and Threats to Validity. Most public event logs lack attributes 
to correlate events within a trace, limiting the reliability of identified activity 
instances due to the absence of ground truth. In addition, alignment introduces 
a degree of nondeterminism, affecting result consistency. The current method, 
which formulates matching as an ILP problem, systematically pairs start and 
complete events, but the specific formulation significantly influences the out-
come. For instance, matches between events with one position apart are often 
prioritized, highlighting the impact of the distance-weighting mechanism. Alter-
native formulations could adjust this emphasis. The formulation is crucial and 
may be tailored to applications, suggesting aspects for refinement and validation.

6 Conclusion 

Process mining emerged as a technology to uncover issues in process operations 
through event logs. However, while activities occur over time, information sys-
tems often log their executions as discrete events, yielding a discrepancy between 
actual execution and the logged data. Many real-world event logs lack informa-
tion to correlate events within an activity instance, leading to biased process 
mining results. Existing methods often rely on arbitrary assumptions and fail to 
account for all relevant events. Therefore, we propose a method for identifying 
activity instances. Anchoring on the start and complete, we propose two ways 
of matching: one where all events are considered complete and another where a 
certain level of uncertainty is introduced. The matching establishes the bo und-
ary and the number of activity instances and, subsequently, alignment based on



the matches and the associated TLM identifies the activity instances. We assess 
the effectiveness of our method by comparing it with existing approaches that 
we extend. We evaluate its robustness against noise, performance metrics, and 
runtime efficiency. For the real-world logs lacking ground truth, we measure effec-
tiveness based on the number of activity instances extracted and conduct further 
analysis of the results. The findings indicate that the proposed naïve solution 
is both robust and effective. In contrast, while the method incorporating uncer-
tainty exhibits increasing robustness against missing events, i t requires addi-
tional refinement. Future work will focus on the automatic discovery of TLMs 
and enhance scalability. Additionally, investigating various matching formula-
tions with event data of differen t applications may further validate and refine 
the method, improv ing its robustness and applicability.
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