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Abstract. For reliable situation awareness in autonomous vehicle ap-
plications, we need to develop robust and reliable image processing and
machine learning algorithms. Currently, there is no general framework
for reasoning about the performance of perception systems. This pa-
per introduces Timed Quality Temporal Logic (TQTL) as a formal lan-
guage for monitoring and testing the performance of object detection
and situation awareness algorithms for autonomous vehicle applications.
We demonstrate that it is possible to describe interesting properties as
TQTL formulas and detect cases where the properties are violated.
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1 Introduction

The wide availability of high-performance GPU-based hardware has led to an
explosion in the applications of Machine Learning (ML) techniques to real-time
image recognition problems, especially using deep learning [12]. Such techniques
are being used in safety-critical applications such as self-driving vehicles [17].
Testing of these systems is largely based on either (a) measuring the recognition
error on a pre-recorded data-set, or (b) running actual driving tests on the road
with a backup human driver and focusing on the disengagements. A disengage-
ment is an event when the autonomous car returns control back to the human
driver [2, 1]. There is, thus, an urgent need for techniques to formally reason
about the correctness and performance of such driving applications that use
perception systems based on Deep Neural Networks (DNN) and ML algorithms.

The key challenge in formal verification is that it is infeasible to specify
functional correctness of components using learning-based models in an abstract
fashion. However, we can vastly improve the confidence in the vision-based sys-
tem by extensive, safety-driven virtual testing of the vision algorithms [15, 9]. In
this work in progress, we focus on deep learning algorithms that analyze images
or sequences of images in order to detect and classify objects for intention recog-
nition and scenario classification. In order to evaluate the performance of the
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perception algorithms over time, we need to provide quality requirements that
capture temporal dependencies between detected objects. Most importantly, go-
ing beyond ad-hoc validation and testing, we need a formal framework that
facilitates temporal reasoning over the quality of the perception systems. Such a
formal framework would enable the community to create a precise and real-life
set of requirements that need to be met by any learning-based model.

In this paper, we consider temporal logic based quality requirements for scor-
ing or grading the results of perception algorithms. Then, a quality monitor con-
siders the quality requirements to score the learning-based perception results.
We consider evaluating timed object data with respect to quality requirements
presented in Timed Quality Temporal Logic (TQTL), which is based on Timed
Propositional Temporal Logic (TPTL) [4, 8].

2 Problem Formulation

We assume a data stream D is provided by a perception algorithm, LIDAR,
RADAR, or other devices. An atomic block in a data stream is a frame which is
a set {data1, ..., datam}, where each dataj is an element of a data domain or data
object. A stream D is a sequence of frames D(i) where i is the timestamp over
a linearly ordered set. Each frame i contains data object dataj ∈ D(i) in a data-
structure (a tuple) format, for example dataj=(ID, Class, Probability, BBOX
(Bounding Box),...). This data structure depends on the ML algorithm. Our
method assumes that for each ML algorithm there exists a customized retrieve
function R which can extract and access the information of the corresponding
data object (dataj). In addition, there exists a customized attribute with quality
metric which can be evaluated by a quality function to provide us the quality of
the data objects in the stream.

In the case study, we assume that each data object of the ML algorithm
has the following format dataj =(ID, Class, Probability, BBOX), where ID ∈
N is a number uniquely identifying an object, Probability ∈ R ∩ [0, 1], Class
∈ {Car,Cyclist, Pedestrian}, and BBOX is a tuple of four integers [top, left,
bottom, right] ∈ N4 representing the coordinates of the bounding box in pixels.
For example, a data stream for 3 different detected objects would look like:

Data Frame 0: D(0) = {(1,“Car”,0.9,[283,181,413,231])}
Data Frame 1: D(1) = {(2,“Car”,0.8,[...]),(1,“Car”,0.9,[...])}
Data Frame 2: D(2) = {(3,“Car”,0.95,[...]),(2,“Pedestrian”,0.9,[...])}

...

We also assume that there exists a function SO (short for Set of Objects) which
can retrieve the object IDs from a data frame D(i). For the above streaming
data D, the function SO returns the following values of object IDs: SO(D(0)) =
{1}, SO(D(1)) = {1, 2}, SO(D(2)) = {2, 3}. In order to retrieve the other fields
(non-ID) from the data objects, we assume that these fields are available through
the function R. We use object-oriented notation “.” to retrieve the “XYZ”
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fields (attributes) from D(i) for object ID. So, R(D(i), id).XYZ retrieves the
“XYZ” attribute of object id from frame i. For the above vision stream exam-
ple, R(D(1), 2).Class=Car, and R(D(1), 2).Probability=0.8.

Without loss of generality, we assume that each data object in the stream
D is provided by the ML algorithm with a unique object ID, where the specific
object ID is unique over different frames of the video. In other words, we assume
that the ML algorithm can match the objects of different frames and provide
a unique ID of the object within the whole data stream. This is a necessary
assumption to help us track these objects through frames and to apply temporal
reasoning over the specific objects.

Given a finite stream D and Quality Temporal Logic formula ϕ, our goal is
to compute the quality value of formula ϕ with respect to stream D. Throughout
this paper, we use the notation [[φ]] to represent the quality value of formula φ.
Finally, we assume that the quality can be quantified by a real-valued number
similar to the robust semantics of temporal logics [10, 6].

3 Timed Quality Temporal Logic

In this section, we consider the important aspects of stream reasoning for object
detection algorithms. Also, the corresponding syntax and semantics will be pro-
vided to address the problem of quality reasoning. One important differentiating
factor of quality monitoring to Signal Temporal Logic (STL) [13, 6] monitoring
is that the number of objects in the video is dynamically changing. Therefore,
we need to introduce Existential and Universal quantifiers to reason about the
dynamically changing number of data objects (e.g. as in [14]). In addition, we
need to be able to record the time in order to extract the data objects using
function R at different timestamps [8, 7].

Timed Quality Temporal Logic (TQTL) is defined to reason about a stream
D. Assume that P = {π1, π2, ..., πn} is a set of predicates which define assertions
about data objects. Each πj corresponds to πj ≡ f(j1, ..., jn, id1, ..., idn) ∼ c,
where f(j1, ..., jn, id1, ..., idn) is a scoring function which extracts/processes in-
formation about data objects id1, ..., idn from frames j1, ..., jn, and compares it
with a constant c to resolve the quality of the data objects. It should be noted
that c can be a string, integer, real, enumerator, or any constant data type that
the ML algorithm uses to represent data. The symbols ∼∈ {=,≥, >,<,≤} are
relational operators.

Definition 1 (TQTL Syntax). The set of TQTL formulas φ over a finite set
of predicates P, a finite set of time variables (Vt), and a finite set of object
indexes (Vo) is inductively defined according to the following grammar:

φ ::= > | π | x.φ | ∃id@x, φ | x ≤ y + n | ¬φ | φ1 ∨ φ2 | φ1Uφ2
where π ∈ P, > is true, x, y ∈ Vt, n ∈ N, id ∈ Vo, U is the Until operator.
The time constraints of TQTL are represented in the form of x ≤ y + n. The
freeze time quantifier x.φ assigns the current time i to time variable x before
processing the subformula φ. The Existential quantifier is denoted as ∃. The
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Universal quantifier is defined as ∀id@x, φ ≡ ¬(∃id@x,¬φ). For TQTL formulas
ψ, φ, we define ψ ∧ φ ≡ ¬(¬ψ ∨ ¬φ), ⊥ ≡ ¬> (False), ψ → φ ≡ ¬ψ ∨ φ
(ψ Implies φ), 3ψ ≡ >Uψ (Eventually ψ), 2ψ ≡ ¬3¬ψ (Always ψ) using
syntactic manipulation. The semantics of TQTL is defined over an evaluation
function ε : Vt ∪ Vo → N which is an environment for the time variables and
object IDs.

Definition 2 (TQTL Semantics). Consider the data stream D, i ∈ N is the
index of current frame, π ∈ P, φ, φ1, φ2 ∈ TQTL and evaluation function ε :
Vt ∪ Vo → N. The quality value of formula φ with respect to D at frame i with
evaluation ε is recursively assigned as follows:

[[>]](D, i, ε) := +∞
[[π]](D, i, ε) :=[[fπ(j1, ..., jn, id1, ..., idn) ∼ c]](D, i, ε)

[[x.φ]](D, i, ε) :=[[φ]](D, i, ε[x⇐ i])

[[∃id@x, φ]](D, i, ε) := max
k∈SO(D(ε(x)))

([[φ]](D, i, ε[id⇐ k]))

[[x ≤ y + n]](D, i, ε) :=

{
+∞ if ε(x) ≤ ε(y) + n
−∞ otherwise

[[¬φ]](D, i, ε) :=− [[φ]](D, i, ε)
[[φ1 ∨ φ2]](D, i, ε) := max

(
[[φ1]](D, i, ε), [[φ2]](D, i, ε)

)
[[φ1Uφ2]](D, i, ε) := max

i≤j

(
min

(
[[φ2]](D, j, ε), min

i≤k<j
[[φ1]](D, k, ε)

))
Here, ε[x⇐ a] assigns the value a into the variable x ∈ V in the environment ε.
Given a variable x ∈ V and a value q ∈ N, we define the environment ε′ = ε[x⇐
q] to be equivalent to the environment ε on all variables in V except variable x
which now has value q. We say that D satisfies ϕ (D |= ϕ) iff [[φ]](D, 0, ε0) > 0,
where ε0 is the initial environment. On the other hand, a data stream D′ does
not satisfy a TQTL formula φ (denoted by D′ 6|= φ), iff [[φ]](D, 0, ε0) ≤ 0. The
quantifier ∃id@x is the maximum operation on the quality values of formula [[φ]]
corresponding to the objects IDs=ε(id) that are detected at frame ε(x).

We assume that for each the ML algorithm there exists a corresponding
retrieve function R to extract the values corresponding to data objects. The
set of predicates P = {π1, π2, ..., πn} evaluate object data values and return a
quality value in R ∪ {±∞}. Each quality predicate π has an associated scor-
ing function fπ. The scoring function fπ(j1, ..., jn, id1, ..., idn) extracts specific
information about object idk at frame jk for each k ∈ {1, ..., n} and com-
pares it with c to compute the quality value of the predicate π represented as
[[fπ(j1, ..., jn, id1, ..., idn) ∼ c]] ∈ R ∪ {±∞} similar to robustness semantics [10].
The scoring functions of the quality predicates depend on the ML algorithm,
R, data fields of D, operator ∼, and type of c. Each scoring function fπ uses
the application dependent customized function hπ to compute the quality of the
corresponding objects. The function hπ then returns a value about the quality
of the data objects which will be used by fπ to compute the quality value of the
predicate π which is denoted as [[π]].
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Fig. 1. SqueezeDet [16] object classification of KITTI [11] images from a cyclist. Bound-
ing boxes are classified as Cyclist (yellow), Pedestrian (purple), and Car (blue).

In general, [[fπ(j1, ..., jn, id1, ..., idn) ∼ c]] may be of two types. The first
returns a Boolean result of comparing values from sets without scalar metrics,
i.e., comparing the object class of pedestrian with respect to {car, cyclist}. For
example, in this case, for equality =, we can define:
[[fe(j1, ..., jn, id1, ..., idn) = c]](D, i, ε) :={

+∞ if he([R(D(ε(jk)), ε(idk))]nk=1) = c ∧ ∀k ∈ {1, ..., n}, ε(idk) ∈ SO(D(ε(jk)))

−∞ otherwise

The second type is for predicates comparing values from sets with well-defined
metrics similar to the various temporal logic robust semantics [6]. For example,
for “greater than”, we could define:
[[fn(j1, ..., jn, id1, ..., idn) > c]](D, i, ε) :={

hn([R(D(ε(jk)), ε(idk))]nk=1)− c if ∀k ∈ {1, ..., n}, ε(idk) ∈ SO(D(ε(jk)))

−∞ otherwise

where k is index of the kth object variable (idk) and jk is the kth time variable
of the formula. Here, he and hn are application dependent functions on the data
fields of D which process the retrieved values of data objects ε(idk) at ε(jk) if
ε(idk) ∈ SO(D(ε(jk)). The second predicate type can return finite real values.

TQTL Example: Now consider Fig. 1. When a car is following a cyclist, it is
important that the cyclist is correctly classified in order to utilize the appropriate
predictive motion model. We consider the following vision quality requirement:
“At every time step, for all the objects (id1) in the frame, if the object class
is cyclist with probability more than 0.7, then in the next 5 frames the object
id1 should still be classified as a cyclist with probability more than 0.6”. The
requirement can be formalized in TQTL as follows:

φ1 =�
(
x.∀id1@x, (C(x, id1) = Cyclist ∧ P (x, id1) > 0.7)

→ �
(
y.((x ≤ y ∧ y ≤ x+ 5)→ C(y, id1) = Cyclist ∧ P (y, id1) > 0.6)

))
where [[C(x, id1) = Cyclist]](D, i, ε) :=

+∞ ε(id1) ∈ SO(D(ε(x))) and R(D(ε(x)), ε(id1)).Class = Cyclist

−∞ ε(id1) 6∈ SO(D(ε(x))) or

ε(id1) ∈ SO(D(ε(x))) and R(D(ε(x)), ε(id1)).Class 6= Cyclist
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and [[P (y, id1) > 0.6]](D, i, ε) :={
−∞ ε(id1) 6∈ SO(D(ε(y)))

R(D(ε(y)), ε(id1)).Probability− 0.6 ε(id1) ∈ SO(D(ε(y)))

4 Experimental Results

The implementation of our TQTL monitor is based on the publicly available
S-TaLiRo toolbox [3, 5, 8]. We evaluated our TQTL monitor using the KITTI
benchmark dataset [11]. The KITTI dataset is a well-known benchmark for au-
tonomous driving which contains real traffic situations from Karlsruhe, Germany.
We ran the SqueezeDet object detection algorithm [16] on some KITTI data
streams. It should be noted that the object matching is manually annotated in
these data streams since we assume that the objects are matched correctly. How-
ever, automated reliability reasoning about object matching throughout video
streams is a challenging problem and it is the focus of our on-going research.

In Fig. 1, we provide the results of SqueezeDet on a KITTI data stream
(following a cyclist). We evaluate the TQTL formula φ1 from the previous section
with respect to D. The monitor tool obtained a negative result when evaluating
[[φ1]], i.e., D 6|= φ1. This is because the data stream D does not contain an
object classified as cyclist in Frames 84 and 85 in Fig. 1. A closer investigation
of Frames 84 and 85 shows that although a cyclist is not detected (yellow box),
a pedestrian is detected at the position of the cyclist with purple color. If our
motion prediction algorithm had the capability to tolerate an object classification
change, e.g., from cyclist to pedestrian and back, then the formal specification
should be able to reflect that. To specify such a behavior, the second � of φ1
should be changed to:

�(y.((x ≤ y ∧ y ≤ x+ 5)→ C(y, id1) = Cyclist ∧ P (y, id1) > 0.6

∨ ∃id2@y, (C(y, id2) = Pedestrian ∧ dist(x, y, id1, id2) < 40 ∧ P (y, id2) > 0.6)))

where the scoring function of dist extracts the coordinates of the bounding boxes
of object id1 at frame x and object id2 at frame y for computing the center to
center distance between these boxes. The requirement is now satisfied by D.

5 Conclusion and Future Works

In this paper, we provided a temporal logic monitoring framework for evaluat-
ing the quality of perception algorithms for autonomous vehicle applications.
We highlighted that we can represent complex quality requirements over object
detection data streams using Timed Quality Temporal Logic (TQTL). Our pro-
totype monitoring tool is built upon our off-line monitor for TPTL requirements
[8]. Our on-going work extends the presented framework to automated reasoning
over object classification data streams without object tracking.
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