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Abstract. We introduce Spatial Regular Expressions (SpREs) as a novel
querying language for pattern matching over perception streams contain-
ing spatial and temporal data. To highlight the capabilities of SpREs,
we developed the STREM tool as a matching framework that works in
both the offline and online domain. We demonstrate the tool through
an offline example with an AV dataset, an online example through an
integration with the ROS and CARLA simulators, and an initial set of
performance benchmarks on various SpRE queries. From our designed
matching framework, we are able to find over 20,000 matches within 296
ms making it highly usable in runtime monitoring applications.
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1 Introduction

Perception systems are utilized across a wide range of applications—from Au-
tonomous Vehicles (AVs) [20,43,29], to sports media analysis [35,40], to Closed-
Circuit Televisions (CCTVs) [36], and more [14,37,21,27]. These systems may
be composed of various sensor and sensor fusion technologies such as Light De-
tecting and Radar (LiDAR), radar, cameras, etc. to support complex Computer
Vision (CV) tasks in both the offline and online domain that generate and re-
quire a significant amount of data to effectively operate [5]. To improve upon
these perception systems and further Machine Learning (ML) activities, large
datasets are released for CV tasks in hopes of providing more exposure to these
systems before deployment [26,13]. These perception-based datasets are further
extended to Autonomous Driving System (ADS) applications where the percep-
tion system consists of a suite of sensors. Examples of such datasets include the
popular Waymo Open [341], Woven Planet (“L5”) Perception [22], and NuScenes
[9] along with several others [30,42,39]. Therefore, as these perception systems
become more comprehensive, methods and tools that enable querying of such
stream data for specific scenarios in testing, training, and monitoring become
increasingly important.

For a given perception stream, however, filtering and searching for scenarios
of interest is not well-supported nor a ubiquitous process as the size of data, se-
lected schema, and present sensor suite varies. Within the offline setting, percep-



tion streams produced by AV companies provide minimal frameworks to inter-
face and filter data according to a pre-defined schema. As for the online setting,
perception systems streaming data in real-time are not traditionally responsible
for identifying scenarios. Therefore, this work aims to address the problem of
querying complex and dynamic perception streams comprised of spatially- and
temporally-aligned data offline and online.

In the work presented in this paper, we introduce Spatial Regular Expressions
(SpRESs): a novel querying language for efficient and flexible matching of per-
ception streams. SpREs combine Regular Expressions (REs) [1] with the modal
logic of topology S4y [25]. The language is designed with ease-of-use in mind by
following syntactic similiarities of classic RE tools such as grep and egrep [10]
while enabling reasoning over topological relations. The querying language has
been implemented in the Spatio-Temporal Regular Expression Matcher (Strem)
tool to support offline and online searching capabilities. The SpRE queries can
be efficiently solved due to the reduction of the pattern matching problem to the
one for REs, which in turn allows us to utilize well-established libraries [18] for
fast processing. Furthermore, its modular design and compatibility with Linux,
Bash, and any Command Line Interface (CLI) tools make the system more ver-
satile and extendable for use in verification and validation process pipelines. Our
formulation of the SpRE language (Section 3) is also general enough to utilize
other branches of logic without major restructuring.

Contributions. From this work, the set of contributions are as follows:

— The RE  S4, querying language (and associated semantics) for pattern
matching spatio-temporal sequences of events in perception streams.

— The Strem tool for offline and online pattern matching of perception streams
with the novel querying language.

— An offline demonstration of the Strem tool using the Woven Planet (“L5”)
Perception AV dataset.

— An online demonstration of Strem through integration with the Robot Op-
erating System (ROS) and Car Learning to Act (CARLA) simulator stack.

2 Preliminaries

We let Z be the set of all integers, N, Ng be the set of natural numbers with
and without 0, and R be the set of real numbers. Furthermore, B represents the
set of booleans f>; ?g where > and ? are the boolean constants true and false,
respectively. Furthermore, given a set A, P(A) denotes the powerset of A, and
jA] represents the cardinality of A.

2.1 Perception Stream

We consider a perception stream S = Fq; F1; F2; F3;::: to be a discrete sequence
of frames Fj where i 2 Ng represents the it" frame of the stream. We use



to denote the subsequence relation, i.e., S S where S = (Fi;::5;Fj) is a
subsequence of S. For readability, we henceforth refer to a subsequence S® of S
as a range of frames using the shorthand notation Fj;j wherei j. For example,
an instance of the subsequence of frames Fg.» from some perception stream S is
provided in Fig. 1.

Each frame Fj in the perception stream is considered a key frame that con-
tains data generated from one or more sensor channels C. A key frame is a frame
where the timestamp difference between each sample from a sensor in C is within
some threshold 2 R. For example, a frame of an AV affixed with a front, front-
left, front-right, and rear camera sensor channels is a key frame if and only if
the timestamp difference between all samples occur within a period of 0.001s.
Furthermore, each frame contains a finite set of object annotations (henceforth,
“objects”) O from the entire stream S of objects O consisting of query-able in-
formation. That is, each object 0 2 O may be annotated with a label (e.g., car,
pedestrian, sign, bus, animal, etc.), a unique identifier (“ID”), 2D/3D bounding
box, confidence score, segmentation map, LiDAR points, etc.
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Fig. 1. An example perception stream S containing the frames Fo; F1; F2 of a camera
sensor channel ¢ with pixel space l¢. For each object in a given frame, a classification
and bounding box is minimally assumed to be annotated. In addition, each frame may
be augmented with other sensor data relevant to the system to provide further context
such as GPS, IMU, etc.

In the following, we assume that given an object 0 2 O, we have defined
functions that return the required annotation and/or auxiliary data. For exam-
ple, for retrieving qualitative attributes, we define the function A: O K ¥ A
where K is a set of keys and A is a set of attributes. We will not formally de-
fine the sets K and A since they are dataset dependent, but as an example, we
could have class and color as keys, and bus and green as the corresponding
attributes. When formulating a query, we are searching to find in a frame an
object that satisfies certain attributes, e.g., a green bus. In addition, for retriev-
ing the 2D (axis-aligned) bounding box information of objects, we define the
function B¢ : O ¥ P(l¢) where I N? is the set of pixels for a camera sensor
channel ¢ 2 C; and the function B : ¥ P (E) returns the 3D rectangular bounding
box of any object 0 2 O in the working environment E ~ R3 of a perception



Table 1. An example of annotated data from a perception stream. Each object has
some attributes along with some bounding box (“BB”) data. Depending on the appli-
cation, the object IDs may be unique across the stream, unique only in each frame, or
unique to each frame for each class of objects. In addition, each object may be anno-
tated with additional data such as LiDAR points, color (if applicable), etc.

Fo Fi1 F2

(bus, red, ID: 1, BB) (bus, red, ID: 1, BB) (bus, red, ID: 1, BB)
(bus, yellow, ID: 2, BB) (pedestrian, child, ID: 2, BB) (pedestrian, child, ID: 2, BB)
(car, sedan, ID: 3, BB)

system. Table 1 presents a detailed layout of Fig. 1 with annotated information
for each object.

3 Spatial Regular Expressions

SpRE (pronounced /spri:/) is a querying language designed to capture scenarios
of perception streams. The RE  S4,, language leverages the power of pattern
matching from REs [1] with the topological reasoning of S4, logic [25]. The
practice of merging a formal logic with an RE-based language to produce an
extended, more expressive version has previously been studied in [38,7]. However,
these efforts primarily focus on extending temporal-based logics such as Linear
Temporal Logic (LTL) [31] with REs, whereas current extensions to spatial-
based logics with REs is unheard of to the best of our knowledge—particularly,
the S4, branch of logic. Thus, the SpRE language aims to provide a formal
approach in extending pattern-based constructs with spatial-based formulas.

Within this section, we first introduce the formal syntax of the SpRE lan-
guage followed by its semantics interpreted over perception streams.

Syntax. The SpRE syntax consists of three interdependent grammars joined to
form the complete querying language. The first two grammars (Defs. 1 and 2)
are inspired by the S4 and S4, modal logics for topological spaces, respectively;
and the last grammar (Def. 3) is inspired by classic REs traditionally used in
string matching problems.

Spatial Formulas. The syntactic makeup of the spatial logic component of a
SpRE is divided into two grammars: (1) S4* (“spatial terms”) inspired by S4
[25], and (2) S47 (“spatial formulas”) inspired by S4, [25]. Although the two
logics (S4™%, S47%) use an identical syntax to their counterparts (S4, S4), we
re-introduce them here as new semantics for these logics will be defined later.

The spatial terms enable set operations over set based attributes of objects
such as bounding boxes. The motivation behind spatial terms is to enable rep-
resentation of the topological relations between different objects, e.g., the inter-
section of the bounding boxes of a green bus and a yellow car.



Definition 1 (S4* Syntax). The structure of an S4* formula is inductively
defined by the following grammar:

= j jJauaj it ojl jC

where  is an atomic proposition ranging over sets of attributes P(A); s the
unary operator for complement; U and € are the binary operators for intersection
and union; and | and C are the interior and closure operators.

Spatial formulas extend spatial terms by enabling emptiness checks and sub-
set relations. For example, we will be able to answer a query which requires an
non-empty intersection between the green bus and the yellow car.

Definition 2 (S4{; Syntax). Given the spatial terms , 1, and 2, the struc-
ture of an S4Y formula is inductively defined by the following grammar:

S IETR RS VAN I AN R
where  is an atomic proposition ranging over sets of attributes P (A); [9] and V

are the boolean operators for set emptiness and set inclusion; and =, ™, and _
are the standard propositional logic operators.

Pattern Constructs. The syntax of a SpRE combines the RE elements with the
previously defined S4{ elements to form a spatial-capable RE. Apart from the
classic RE operators, SpRE patterns operate over symbols from the alphabet
that are resolved through spatial formulas.

Remark 1 (Alphabet). We consider the alphabet = f 1; 2;:; g = P(O)
where each symbol represents a possible combination of the objects from the
perception stream S. The main intuition is that for every frame of the stream of
perception data, we would like to match a symbol with only the relevant objects
for the given SpRE query—see Ex. 1 below.

Ezxample 1. Consider the data presented in Table 1. The alphabet  will contain
64 symbols in total. Some examples of symbols from  could be:

1 = {(bus, red, ID: 1, BB)}
2 = {(pedestrian, child, ID: 2, BB), (bus, yellow, ID: 2, BB)}
3 = {(bus, red, ID: 1, BB), (car, sedan, ID: 3, BB)}

When we query for bus, we would like our pattern matching algorithm to return
1 in the matching strings, but not » or 3.

Definition 3 (SpRE Syntax). Given the spatial formula , the structure of
a SpRE query is inductively defined by the following grammar:

Q= jQi11Q2jQ1 Q2jQ

where the operators|, , and  are the standard RE operations alternation, con-
catenation, and Kleene-star, respectively.



Semantics. Pattern matching on perception streams differs from the standard
string pattern matching. When querying perception data, the goal is to identify
annotations represented as abstract objects affixed with some attributes. For
example, a query could be “Find all sequences where a car appears in at least
three consecutive frames”. In such a query, we do not ask for a specific car with
a unique identity (which is not known in advance), but rather for any car. In
addition, there may be multiple cars in a frame which implies that all of them
should be candidates for a pattern match. In other words, even though our
patterns in SpREs are over object attributes, our queries should return strings
where each symbol is a set of corresponding specific objects.

We define the semantics of S4* expressions through a valuation function
[T :P(©O) ¥ P(P(W)) where W is the spatial reasoning space that resolves
to either the camera sensor’s image space lI¢ (i.e., pixels) or the working envi-
ronment E, P(W) is all possible bounding boxes from the reasoning space, and
P (P(W)) is the set of all possible sets of all bounding boxes. The spatial terms
of S4™ specify set-theoretic operations over bounding boxes of objects from the
perception stream S. We define the semantics of S4;; using a boolean satisfac-
tion relation since our goal is to determine whether certain relations are true or
not over bounding boxes and other object annotations.

Definition 4 (S4* Semantics). Given a set of objects O O, the semantics
of an S4% formula is inductively defined as follows:

[ JO)=fB(0)jo20:8a2 :9%2K:A(0k)=ag

[ J(O)=fsjs2[ [(O)g
[1u 2](0) =1S1\S2jSi2[i](O)g

Informally, given a set of objects O from a frame, the valuation of the spatial
term  is the set of bounding boxes of all the objects which satisfy all the
attributes in

Definition 5 (S4 Semantics). Given a set of objects O O, the semantics
of an S4Y formula is inductively defined as follows:

@] if 9020:8a2 :9%2K:A(0k)=a
o : iff O6

(0] 1N o iff O 1 and O 2

O |9 ifft 9A 2] J(O): A& ;

(0] 1V 2 iff 9A1 2 [[ 1]](0) 9A2 2 [[ zﬂ(O) AL A

Notice that the models (i.e., sets of objects) that satisfy a spatial formula
are not minimal. For instance, using the symbols from Ex. 1, we have 1 bus,
but also > bus and 3 bus. In the pattern matching problem, we typically
care more so about the sequence of frames F;;j that satisfy the pattern Q rather
than which exact objects are part of the pattern.



De nition 6 (SpRE Semantics). Given the alphabet , the language de-
scribed by a SpRE queny is inductively de ned as follows:

L()="Ff 2 ] g
L(Q11Q2) = L(Q1) [L (Q2)
L(Q1 Q2) = L(Q1)L(Q2)

1 .
L@Q)= . L@
where Q' denotes the concatenation of patterrQ a total of i times.

One notable di erence from the standard language de nition for a RE is
that now our base case, i.e., the spatial formulas evaluate to sets of symbols
as demonstrated in Ex. 1. This re ects the observation that at each frame we
may have several matching objects for our query.

4 Perception Stream Matching

In this section, we provide a formulation of the problem of pattern matching
against perception streams in both the o ine and online domain. Furthermore,
we introduce the Strem tool as our matching framework that implements the
semantics of SpREs introduced in Sect. 3 to search over perception streams.

4.1 Problem Formulation

Informally, the traditional problem of pattern matching considers a nite word
w and a pattern p from some nite alphabet such that the goal is to nd
all non-overlapping subsets ofw that contain an exact match of p. From Boyer-
Moore (BM) [8] to Knuth-Morris-Pratt (KMP) [24], many algorithms have been
developed to solve this problem of searching through strings [3]. In this work,
we extend upon this idea with the modi cation that our search pattern p is
symbolically a SpRE query Q, and our word w is a perception streamS. We
consider this problem in the both o ine and online domain.

O ine Matching. We consider pattern matching in the o ine domain primar-

ily motivated by the presence of publicly available AV-based perception datasets
[34,9,22,30,42]. These datasets provide a large suite of perception data collected
for and used by ADS applications. However, to our knowledge, the capabili-
ties and frameworks to search through these datasets for said applications are
not well-supported or require a signi cant e ort to do so. The oine pattern
matching problem for perception streams is formalized below in Prob. 1.

Problem 1 (Oine Perception Stream Matching). Given a nite perception
stream S and a SpRE query Q, then starting from frame 0, nd the set of

S such that ix  jk,jk iks1 andj, jSj and Fj,;, 2L(Q) forall k n.



Online Matching. We also consider pattern matching in the online domain
to perform ltering and querying of perception streams generated in realtime.
Applications of such use cases include monitoring of AVs deployed, CCTV cam-
era alerts, and any perception-based systems generating data where detection of
scenarios in realtime are of importance.

Regarding the procedure of matching online, the framework is re-run at every
time instance | when a new frameF, is received and returns the maximal query
matched up to that point F;,;, with ji = | (or none if no match). The online
pattern matching problem for perception streams is formalized below in Prob. 2.

Problem 2 (Online Perception Stream Matching). Given a perception streamS
and a SpRE queryQ, then at every incoming frame F; of S, nd the longest
subsequence of frameE;; suchthat0 i j andF;; 2L (Q).

4.2 Spatio-Temporal Regular Expression Matcher

Our SpRE matching framework follows the same principles as the classic RE
matching frameworks [2]. Standard string matching approaches translate an RE
to a Deterministic Finite Automata (DFA) D which is then used to process the
strings. Our framework deviates from the established approaches using DFAs
since each frame contains multiple objects which may satisfy di erentS4;, for-
mulas and all potential matches need to be tracked simultaneously.

Example 2. Consider the data stream in Table 1 and assume that we only care
about the classes and properties, e.g., we want to nd two frames where gd bus
appears. If we treat each object in each frame as a symbol of the forrftlass,
property) , then the data stream represents?2 3 2 =12 strings. Two example
strings from Table 1 are (bus,red)(bus,red)(bus,red) and (bus,red)(car,
sedan)(bus,red) . As the length of the data stream increases, the number of
strings that we need to consider increases exponentially in the worst case.

Especially in the case of online query matching, an approach that extracts
strings from a perception stream to match against a DFA quickly becomes un-
manageable. In this work, we take a more pragmatic approach which in practice
works well. We treat each syntactically equivalent S4;; formula as a unique
symbol and translate the SpRE into an RE. Even though we can now use the
standard RE to DFA algorithms, the resulting automaton in execution becomes
nondeterministic. This process can be easily visualized through Ex. 3 below.

Example 3. In the following, we use the convention that an atomic proposition
(i.e., a set of attributes) is represented as an augmentedharacter classfamiliar
to grep. For readability, S4; formulas are also surrounded by brackets. Using
this notation, the formula [<nonempty>([:car:]&[:ped:])] is an S4; formula
that is only true when a frame contains acar and a pedestrian with interesecting
bounding boxes. Since the operatoxknonempty>applies only to spatial terms,
we know that [:car:]&[:ped:] is an S4* subformula where & is the operator
for set intersection.



[<nonempty>([:car:]&[:ped:])]

[[:truck:]] @ [[:car:]&[:bus:]] @ [[:bus:]] @

[[:car:]&[:bus:]]

start

Fig.2. SpRE to DFA.

From the previously introduced notation, we provide the following SpRE
pattern written below

[<nonempty>([:car:]&[:ped:DI*([[:truck:]]|[[:car:]])
[[:car:]&[:bus:]][[:bus:]]

that matches zero or more () frames where acar and pedestrian overlap, fol-
lowed by () a frame with either (1) a truck or a car, followed by () one frame
that contains a car and a bus and ending with () a frame with a bus

The resulting automaton that accepts perception streams that match the
SpRE above is presented in Fig. 2. Notice that in the resulting automaton, the
transitions between states are labeled by54; formulas and, hence, the execution
semantics is that of a Nondeterministic Finite Automata (NFA). That is, in
each state, multiple transitions may be activated. For example, in stateq, if the
current frame contains atruck and a car, then both transitions to ¢ and to
are activated. In principle, tracking multiple states for an NFA execution scales
better than constructing single-symbol strings from a stream for tracking with
a DFA. In the worst case, the total number of states of the DFA that we need
to keep track o is order of magnitudes smaller than the number of all possible
single symbol strings that we need to consider.

Software Tool. Strem is a CLI tool* developed with Rust [28] to nd scenarios
of interest in perception streams that match a given SpRE query. It functions in
both the o ine and online domain to search over perception-based datasets or
realtime streams, respectively. An illustration of its core components is provided
in Fig. 3. As input, the tool accepts a SpRE query and a perception stream.
As output, it incrementally returns the set of matches where each match is a
range of frames from the provided perception stream that matched the pattern.
The ve constituent components of the tool are grouped into two functionalities:
the frontend and the backend The frontend handles all input-/output-related
activities pertinent to the usability of the tool; and the backend is concerned
only with the core matching framework and procedures. Henceforth, we focus

! https://crates.io/crates/strem



on the backend components that support the main contributions of this work:
the Compiler, Matcher, and Monitor modules.

Frontend Backend

CLI —  Compiler

i

! |
|

| | |
| E
: | : -\

Match # Printer —- Matcher Monitor
| -

Perception Stream /

Fig. 3. The architectural design of Strem .

The Compiler is responsible for translating a SpRE into a symbolic-Abstract
Syntax Tree (s-AST) an Intermediate Representation (IR) form interpretable
by the Monitor and Matcher modules. TheMonitor is responsible for evaluating
S4' formulas against perception stream frames. TheMatcher is responsible for
constructing DFAs from s-ASTs and running the matching algorithms.

Spatial Matching Algorithms. The pattern matching procedure involves
both the Matcher and the Monitor as depicted in Fig. 3. The Matcher receives
from the Monitor which S4; formulas were satis ed and, then, it takes the
appropriate transitions to the next states. Recall that in our framework multiple
transitions on the DFA may become active. Therefore, the execution semantics
of the DFA in the Matcher are e ectively the execution semantics of an NFA.
Nevertheless, our constructions are syntactically DFA and, in the following, we
will still refer to them as DFA.

The algorithm to match against a perception stream given some DFA that
recognizes a valid SpRE query is shown in Alg. 1. This algorithm is generalized
for both o ine and online applications and any di erences in the assumptions
and procedures are highlighted in the sections that follow.

O ine Algorithm.  The o ine matching procedure matches over a nite percep-
tion stream from frame Fq up to frame F, by utilizing a forward DFA. Notably,
the o ine variant assumes that all frames within S are present at the beginning
of the execution of the matching algorithm.

Online Algorithm. The online matching procedure matches over a perception
stream by utilizing a reverse DFA. For each new frame received, the online
algorithm variant is ran. We use a reverse DFA in the online problem as matching
backwards (i.e., from frame F, down to frame Fy) ensures that the matching



procedure terminates (in the worst case at frameF). However, in practice, it
is recommended that the termination of the match be triggered by some nite
horizon (i.e., maximum length) for which the SpRE query will match up to. For
certain queries, we can compute the nite length needed to determine if a match
is possible. The length of an online SpRE query can be computed as follows:

De nition 7 (SpRE Horizon). The horizon H of a SpRE queryQ is induc-
tively de ned as follows:
H()=1 H(Q11Q2) = max(H (Q2); H(Q2))

H(Q)=1 H (Q1 Q2)= H(Q1)+ H(Q2)
where is a spatial formula.

When H(Q) is nite, i.e., there is no Kleene-star operator, then we know that
the online algorithm will only need to use up to H(Q) frames in the past. As an
alternative to the Kleene-star operator, in our implementation, we provide the
range operator to capture bounded-ness (see Sec. 5). If a Kleene-star operator
must be used, then a hard bound on the maximum length should be used to
keep the monitoring time predictable, in the worst case.

Algorithm 1:  SpatialMatching
This algorithm represents the o ine variant. For the online variant,
replace each line with its corresponding comment to the right.

Input: A perception stream S, an initial frame index i 2 S.

Output: A range [start;end ) corresponding to the indices from S.

Data: A set A of distinct active states from the DFA.

start i /I end |Sj
end start; /I start end 1
foreach F2S do Il ' S=(S)
foreach ( s, ') do
if F ' then
| symbolspush( s)
end
end
foreach s 2 symbols do
| Ainsert( ( s))
end
if A contains accepting then
| end F index ; /I start F :index
else if A all dead then
| break
end

© O N oA WN R

N
o~ 0N P O

=
(2]

end
return (start, end)

B
o ~




Complexity.  The time complexity depends on the data streamS and the query
Q. Let jSj be the total number of frames in the perception stream, andjO;j be
the number of objects in the i frame where O; is the set of objects in the
frame F; 2 S. The query Q is translated into a DFA D with set of states Dg
and transition relation D with jDgsj denoting the number of states, andjD |
denoting the total number of transitions, respectively. Recall that the transitions
in D are labeled by spatial formulas fromQ. That is, the transitions have the
form (s; k;s) 2 D . We denote by| j the size of the parse tree (number of
nodes) of ¢ since evaluating ¢ will require traversing its parse tree.

We rst evaluate the time complexity of the Monitor , followed by the Matcher,
followed by the combination of the two. For the Monitor to evaluate a spatial
formula  against a frame, if the S4;, formula ¢ contains no spatial opera-
tions, then its evaluation takes linear time in the tree traversal of , (number of
internal nodes (j xj 1)=2) and linear time in the number of objects jO;j in a
frame for each leaf (number of leavegj «j + 1) =2) in order to nd objects with
speci ¢ attributes. Thus, the complexity of running the monitoris O(j «jj Oij).
As a special case, ifQ only contains queries about class labels, then we can use
a hash table storing whether an object of some class appears in a frame or not,
giving us O(1) evaluation of the leaves of .

The Matcher keeps track of the active states in the DFA and, for each state,
checks all the formulas in the outgoing transitions by calling theMonitor . In the
worst case,jDsj states will be active, which implies that all the transitions in
D must be checked. Thus, there will beO(jD j) calls to the Monitor . Since
the Matcher will be called jSj times, the complexity of the o ine algorithm is

OjSiiD i max(«j) max(joij)

whereas the online algorithm pays this cost for every new frame that appears
within the perception stream.

If spatial operations are present in the spatial formulas, then the worst-case
time complexity increases. Spatial terms in Def. 4 evaluate to collections of
bounding sets in 2D or 3D. Therefore, the leaf nodes of ¢ represent collections
of sets, and the internal nodes apply set operations such as union, intersec-
tion, complementation, and set di erence. The computational cost of the set
operations depends on the set representation (e.g., orthogonal polyhedra, ver-
tex representation, polytopes, zonotopes, etc). Here, we will not consider the
representation of the sets explicitly, and refer the reader to [19].

Remark 2 (Best-Case Scenario).Our querying problem can be reduced to stan-
dard regular expression matching when: (1) allS4;, formulas are strictly atomic
propositions, (2) the number of object attributes to search over are few in hum-
bers, and (3) the attributes are not quantitative (e.g., no bounding box).

5 Examples and Benchmarks

To demonstrate the application of Strem , we provide two use cases of the tool:
(A) an o ine example of searching through the Woven Planet (L5 ) Perception



dataset [22] and (B) an online example of monitoring an AV's perception system
through the CARLA simulator [12] with ROS [32]. Furthermore, we provide an
initial set of performance benchmarks of the tool. For all queries, we use the
Strem implementation-level syntax equivalents in Table 2.

Table 2. SpRE implementation equivalencies

Notation \ [9] : n u t

Symbol | * <nonempty> = & | & |

Furthermore, the range meta-operator(f m; ng) is used to support constraint
concatenations. The operational equivalence is shown below:

mzcﬂitrritio{]s -m+£rﬁate£igons
Q ::: Q | Q ::: Q Jiit

I gonespnatops

Q ::: Q
where0 m n. In addition, the range operator support two other functions:
(1) Q{m} matches Q exactly m times; and (2) Q{m,} = Q{m,1 } matches Q m
or more times.

Qfm;ng

5.1 Example A: O ine Matching Examples

We demonstrate the o ine searching capabilities of the Strem tool on the Wo-
ven Planet (L5) Perception dataset: a collection of sensor and ground-truth
labels used in training and evaluation of AV perception systems. The dataset is
comprised of 10 sensor channels, 360 scenes, 9 object classi cations, over 300K
frames, and over 1.2M object annotations yielding slightly over 186 GBs of data

to search from.

Example A.1. In ADS applications, it is important to distinguish between
cyclists and pedestrians as the intent and behavior of both di er. Therefore, to
improve the resilience of a perception system against mis-identi cation, Iter-
ing for scenarios where the two classi cations overlap (i.e., potential cases of
ambiguity) strengthens Deep Neural Networks (DNNs) on such edge cases.

Query 1. Find all longest sequences of frames where a detect@gdestrian over-
laps with a detected cyclist.

[<nonempty>([:pedestrian:]&[:bicycle:])]*

where the SpRE matches zero or more frames ) where the intersection of a
pedestrian and bicycle bounding box is non-empty.

From the results, a total of 62 unique matches were found where each match
contains a sequence of frames with a pedestrian and cyclist overlapping.



Fig. 4. A selection of three separately matching frames from the Woven Planet ( L5)
Perception dataset where a pedestrian (blue) overlaps with a cyclist (green).

Example A.2. While queries targeting individual scenarios are useful for sim-
ple matching, more complex queries are needed to capture scenarios that can not
be consolidated to a single frame and represent an evolution of events. For in-
stance, consider the scenario where a pedestrian is initially occluded by a vehicle,
unobstructed, and then occluded again by a vehicle.

Query 2. Find a sequence of frames where pedestrian and car occlusion occurs
for one or more frames, followed by an unobstructecedestrian for one or more
frames, followed by an occlusion of gedestrian and acar for one or more frames.

[<nonempty>([:pedestrian:]&[:car:])){1,}
[[:pedestrian:]&  ~<nonempty>([:pedestrian:]&[:car:])[{1,}
[<nonempty>([:pedestrian:]&[:car:])){1,}

where the SpRE matches a sequence of scenarios (i.e., sub-scenario) where each
sub-scenario must be at least one frame ({1, }) long. The rst sub-scenario
matches the intersection of apedestrian and car bounding box is non-empty.
The second sub-scenario matches the case wherepadestrian exists and the
intersection of a pedestrian with a car is empty. The last sub-scenario matches
the same as the rst sub-scenario.
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Fig.5. The results of running Query 2 through Strem on the Woven Planet (L5)
Perception dataset. From left to right, the matching frames include an instance of a
car (red) occluding a pedestrian (blue), a pedestrian, and a car occluding a pedestrian.

From the results, a total of 336 uniques matches of three or more frames were
found that matched the evolution of scenarios as described in the SpRE query.



5.2 Example B: Online Matching

To demonstrate the online searching capabilities of Strem, we developed a ROS
package that bridges the CARLA simulator with the Strem tool by using the
standard topics infrastructure provided by ROS. This design allows additional
ROS applications (e.g., robots, AVs, etc.) to easily integrate and subscribe to
the match results published by the Strem tool.

Simulator Setup. For each example, the CARLA server was populated with 50
vehicles (e.g., trucks, sedans, etc.), 20 walkers (i.e., pedestrians), and a single
ego vehicle affixed with a one front-facing camera sensor. From the set of labels
provided by CARLA, we capture bounding box information for the following
actor types: (1) traffic signs, (2) traffic lights, (3) vehicles, and (4) walkers.

For all examples, the experiments were run on a Linux workstation running
Ubuntu 20.04.6 with an AMD Ryzen 7 5800X, an NVIDIA GeForce RTX 3070,
and 16 GBs of RAM with CARLA v0.9.13 at 60Hz and ROS Noetic (Focal).

Example B.1. Within the deployment of AVs, monitoring the perception stream
for critical scenarios is a runtime-centric activity that requires a continuous anal-
ysis of the results of the perception system in order to take decisive actions
quickly. An example of such a critical scenario common to AVs is in the oc-
clusion of people by other vehicles in the scene. Within this situation, limited
information is available to the system and naturally additional caution should
be taken. However, reporting this information is not an inherent responsibility
of the perception system. As such, the Strem tool provides the capability to in-
stantaneously report frames in realtime where a pedestrian is occluded by some
other object detected within a scene to allow the ADS to take action.

In this example, we consider the scenario in CARLA where a bounding box
of a pedestrian and a vehicle annotation overlap one another. The formalization
of this pattern is presented in Query 3 below.

Query 3. Report every frame where a pedestrian and vehicle overlap.
[<nonempty>([ :pedestrian:]&[:vehicle])]

where the SpRE matches a single frame such that the intersection of the bound-
ing boxes of a pedestrian and a vehicle classification is non-empty.

A illustrative example of some frames reported by Strem during the simu-
lation are showcased in Fig. 6.

Example B.2. Another critical scenario that a perception system may experi-
ence is in an eventual case that information becomes missing (i.e., the presence
of an object disappears from sight).

In this example, we consider the scenario in CARLA where perceived traffic
signs are detected followed by an occlusion of some sign within the frame.






