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A B S T R A C T

The Panoptic Quality metric, developed by Kirillov et al. in 2019, makes object-level precision, recall and F1
measures available for evaluating image segmentation, and more generally any partitioning task, against a gold
standard. Panoptic Quality is based on partial isomorphisms between hypothesized and true segmentations.
Kirillov et al. desire that functions defining these one-to-one matchings should be simple, interpretable and
effectively computable. They show that for 𝑡 and ℎ, true and hypothesized segments, the condition stating
that there are more correct than wrongly predicted pixels, formalized as 𝐼𝑜𝑈 (𝑡, ℎ) > .5 or equivalently as
|𝑡 ∩ ℎ| > .5|𝑡 ∪ ℎ| has these properties. We show that a weaker function, requiring that more than half of the
pixels in the hypothesized segment are in the true segment and vice-versa, formalized as |𝑡 ∩ ℎ| > .5|𝑡| and
|𝑡 ∩ ℎ| > .5|ℎ|, is not only sufficient but also necessary. With a small proviso, every function defining a partial
isomorphism satisfies this condition. We theoretically and empirically compare the two conditions.
1. Introduction

Kirillov et al. [1] have developed Panoptic Quality (PQ), a metric
that can be used to evaluate image segmentation methods by comparing
predicted and true segmentations. PQ is specifically developed for
segmentation problems in which exact matches are unfeasible and not
even needed for successful applications. Although originally developed
for the image domain, PQ can also be used for text, and even for any
partitioning problem. The only requirement is that there is an underly-
ing set of elements (in images the pixels, in text segmentation typically
tokens) which are partially partitioned (i.e., elements are combined into
non overlapping segments, but not all elements need to be assigned to
a segment).

PQ makes the well known F1 measure (the harmonic mean be-
tween precision and recall) available for the partial match segmentation
setting. This is done by generalizing the definition of True Positives
from a set of items to a set of pairs of matched items. If this set is a
partial bijection (for every predicted segment ℎ there is at most one
true segment 𝑡 and vice-versa), the false positives and false negatives
and thus all contingency table based metrics are also defined.

Kirillov et al. suggest to match a predicted segment ℎ to a true seg-
ment 𝑡 iff 𝐼𝑜𝑈 (ℎ, 𝑡) > .5, where IoU denotes the intersection-over-union
operation, defined as 𝑡∩ℎ

𝑡∪ℎ .1 They show that this condition guarantees
that the resulting matching is a partial bijection. This condition is
simple, effectively computable and interpretable, as desired by Kirillov

∗ Corresponding author.
E-mail addresses: r.j.vanheusden@uva.nl (R. van Heusden), maartenmarx@uva.nl (M. Marx).

1 For the definition of IoU used in the paper we assume both operands are 2D objects, unless stated otherwise.
2 We added the property useful, because the identity matching satisfies all other properties, but obviously this is often too strict and thus not (very) useful.

et al. However, even though it is very natural (as it requires that there
are strictly more overlapping than missed and spurious pixels) one
could ask for a more foundational reason to choose this threshold. This
led to the following research question.

Are there other useful,2 interpretable, simple and effective matching
definitions which imply the partial bijection property? And if so, is
there a most general one?

Indeed there is a strictly weaker, most general and thus sufficient and
necessary condition. Let ℎ and 𝑡 be two segments (thus subsets) of the
same set. Now 𝐼𝑜𝑈 (ℎ, 𝑡) > .5 is equivalent to |ℎ ∩ 𝑡| > |ℎ ⊕ 𝑡| , where
⊕ denotes the symmetric difference between ℎ and 𝑡. In turn this is
equivalent to

|ℎ ∩ 𝑡| > |ℎ ⧵ 𝑡| + |𝑡 ⧵ ℎ|. (𝜃+)

The weaker most general matching definition distributes this and re-
quires with each conjunct implying the injectivity of one side of the
matching.

|ℎ ∩ 𝑡| > |ℎ ⧵ 𝑡| 𝐚𝐧𝐝 |ℎ ∩ 𝑡| > |𝑡 ⧵ ℎ|, (𝜃&)

Our main result is that every ‘‘fair’’ matching is a partial bijection if
and only if it satisfies (𝜃&). Below we will develop what ‘‘fair’’ means
in this context. Clearly this alternative condition is also simple, natural
and interpretable. Table 1 shows the difference between (𝜃&) and (𝜃+).
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Table 1
Examples for three objects of matches with too little overlap
for both (𝜃+) and (𝜃&) (left column), only enough overlap for
(𝜃&) (center column) and enough overlap for both (𝜃+) and
(𝜃&) (right column). Green indicates the ground truth object,
and red indicates the predicted object, ✓ means the matching
satisfies the condition and ✗ means it fails the condition.

As a sidenote, non-trivial alternative matching rules exist, such
s the one introduced by Chen et al. [2], as an alternative to the
𝜃+) matching. Instead of enforcing a single threshold that ensures
one-to-one mapping between predictions and ground truth, a map-

ing is created by using the Hungarian algorithm to obtain an one-
n-one mapping without enforcing a single threshold. However, this
ethod still requires an IoU threshold to allow for false positives and

alse negatives, and is arguably more involved than the (𝜃+) or (𝜃&)
atchings.

The rest of the paper is structured as follows. In the next section
e prove this result, and compare the two ways of matching true and
redicted objects. We then empirically look at the differences between
he two versions of PQ, and finish with related work.

But before we dive into the technicalities, let us compare the two
ays of matching from another perspective. The matching defined by
𝜃&) can equivalently be stated as
|ℎ ∩ 𝑡|
|ℎ|

> .5 𝐚𝐧𝐝 |ℎ ∩ 𝑡|
|𝑡|

> .5, (𝜃&)

imply stating that the overlap of the two segments should cover more
han half of the segments. [id=RH]All objects pairings in the center
olumn of Table 1 match by this criterion. They do however not satisfy
𝑜𝑈 (ℎ, 𝑡) > .5, and thus do not match by criterion (𝜃+). In fact, when
he two segments have the same size (|ℎ| = |𝑡|), then 𝐼𝑜𝑈 (ℎ, 𝑡) > .5 is
quivalent to asking that the overlap covers more than two-third of the
egments, like in the top right image in Table 1.

This can be derived from the formula for IoU, where we let |𝑡 ∩ ℎ|
e equal to 𝑎, and |𝑡| = |ℎ| = 𝑏.

𝑎
𝑎 + (𝑏 − 𝑎) + (𝑏 − 𝑎)

> 1
2

Through simple algebraic steps this is equal to requiring 𝑎 > 2
3 𝑏.

e believe this shows that the weaker matching condition is at least as
atural as 𝐼𝑜𝑈 (ℎ, 𝑡) > .5, but less arbitrary.
88 
Fig. 1. Illustration of a ground truth object 𝑡 and a predicted object ℎ, outlined by
blue and purple respectively. The green area represents the overlap, yellow represents
the area only in 𝑡 and red represents the area only in ℎ. TP, FN and FP can then be
xpressed as set operations on 𝑡 and ℎ.

. Theoretical results

We first recall the definitions of segmentation, recognition and
anoptic quality. Then we show the following basic results about (𝜃&)
nd its relation with (𝜃+):

• (𝜃&) is effectively computable, and defines a partial bijection.
• (𝜃&) is strictly weaker than (𝜃+).
• Precision, recall, recognition quality and panoptic quality defined

with (𝜃&) are all larger than or equal to the metrics defined with
(𝜃+).

• The threshold of .5 is optimal when defining a matching using
𝐼𝑜𝑈 .

Then in Section 2.1 we prove our main result.
Let 𝐸 be a set (in images this would be a set of pixels), and both 𝐻

and 𝑇 partial partitions of 𝐸. Thus both 𝐻 and 𝑇 consist of pairwise
disjoint subsets of 𝐸. We call such 𝐻 and 𝑇 segmentations and often
ignore the underlying set. Let 𝑏 ⊆ 𝐻 × 𝑇 be a partial bijection. We will
use 𝑑𝑜𝑚(𝑏) and 𝑟𝑎𝑛(𝑏) to denote the domain and range of 𝑏 respectively.

e often view 𝑏 as a (partial) function from 𝐻 into 𝑇 , and 𝑏−1 as one
rom 𝑇 into 𝐻 . We call the triple 𝐻, 𝑇 , 𝑏 an alignment.

We recall the definition of the Panoptic Quality metric from [1]. It
s given relative to an alignment. Let

𝑇𝑃 = 𝑏

𝐹𝑃 = 𝐻 ⧵ 𝑑𝑜𝑚(𝑏)

𝐹𝑁 = 𝑇 ⧵ 𝑟𝑎𝑛(𝑏).

Fig. 1 contains an example and the way we present these three different
parts in this paper. Now the recognition quality 𝑅𝑄 is simply the
harmonic mean between precision and recall, known as the F1 measure:

𝑅𝑄 =
|𝑇𝑃 |

|𝑇𝑃 | + .5(|𝐹𝑃 | + |𝐹𝑁|)
.

he Segmentation Quality (SQ) is the mean 𝐼𝑜𝑈 of the True Positives,
nd the Panoptic Quality 𝑃𝑄 then is the product of 𝑆𝑄 and 𝑅𝑄. In a
irect definition the relation with 𝐹1 is even closer. Let 𝑤𝑇𝑃 denote
{𝐼𝑜𝑈 (ℎ, 𝑡) ∣ (ℎ, 𝑡) ∈ 𝑇𝑃 }. Then

𝑄 = 𝑤𝑇𝑃
|𝑇𝑃 | + .5(|𝐹𝑃 | + |𝐹𝑁|)

.

his is the reason why one can refer to PQ as a weighted version
f F1. Similarly, one can define weighted and unweighted versions
f precision and recall by dividing 𝑤𝑇𝑃 or |𝑇𝑃 | by |𝑇𝑃 | + |𝐹𝑃 | for

precision and |𝑇𝑃 | + |𝐹𝑁| for recall, respectively. Here the metrics are
efined relative to one alignment, thus to one example. The 𝑃𝑄, 𝑅𝑄
nd 𝑆𝑄 of a set of examples is simply the mean 𝑃𝑄,𝑅𝑄 and 𝑆𝑄 over

them, respectively.
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Theorem 1. Let 𝐻 and 𝑇 be segmentations of the same set and let
= {(ℎ, 𝑡) ∈ 𝐻×𝑇 ∣ (ℎ, 𝑡)𝑠𝑎𝑡𝑖𝑠𝑓 𝑖𝑒𝑠(𝜃&)}. Then 𝐵 is effectively computable,
partial bijection, and for each (ℎ, 𝑡) ∈ 𝐵, 𝐼𝑜𝑈 (ℎ, 𝑡) > 1

3 .

Proof. A trivial nested for loop over 𝐻 and 𝑇 finds the alignment
efined by (𝜃&). This can be optimized using the order on the elements
f the underlying domain. That for each (ℎ, 𝑡) ∈ 𝐵, 𝐼𝑜𝑈 (ℎ, 𝑡) > 1

3 ,
ollows from the fact that |𝑡 ∪ ℎ| is equal to |𝑡 ∩ ℎ|+ |𝑡 ⧵ ℎ|+ |ℎ ⧵ 𝑡|. (𝜃&)

states that |𝑡 ∩ ℎ| is strictly larger than these last two summands.
To show that 𝐵 is a partial bijection, suppose to the contrary that

it is not. We will derive a contradiction. There are two possibilities.
We treat one: there is a 𝑡 ∈ 𝑇 and two different (and thus disjoint)
ℎ1, ℎ2 ∈ 𝐻 satisfying (𝜃&). Thus by assumption, both |ℎ1∩𝑡|

|𝑡| > .5 and
|ℎ2∩𝑡|
|𝑡| > .5. From |ℎ1∩𝑡|

|𝑡| > .5 it follows that |𝑡 ⧵ ℎ1| ≤ .5|𝑡|. Because ℎ1 and
ℎ2 are disjoint, ℎ2 ∩ 𝑡 ⊆ 𝑡 ⧵ ℎ1, and thus by transitivity, |ℎ2 ∩ 𝑡| ≤ .5|𝑡|,
which contradicts our assumption. □

We now establish the relation between the two ways of matching.
e have seen that both (𝜃+) and (𝜃&) define alignments, and thus give

alternative definitions of 𝑅𝑄, 𝑆𝑄 and 𝑃𝑄. Given two segmentations 𝐻
and 𝑇 of the same set, we speak about their (𝜃+)- and (𝜃&)-alignment,
and distinguish the corresponding metrics using the same superscripts.

Theorem 2. (𝜃&) is strictly weaker than (𝜃+). That is, every (𝜃+)-
alignment is a (𝜃&)-alignment, and there are segmentations 𝐻, 𝑇 with an
𝜃&)-alignment but no (𝜃+)-alignment.

roof. Because |ℎ ⧵ 𝑡| and |𝑡 ⧵ ℎ| are disjoint, (𝜃+) implies (𝜃&). For
strictness let 𝐻 = {{1}, {2, 3, 4}} and 𝑇 = {{1, 2, 3}, {4}}. Then with
(𝜃&), {2, 3, 4} is aligned to {1, 2, 3} because it has 2 elements in the
overlap, and it has one missing and one spurious element. But the 𝐼𝑜𝑈
of these two segments is equal to 2

4 and thus not strictly larger than .5,
nd thus the alignment defined by (𝜃+) is empty. □

We now investigate what happens to the three panoptic quality
etrics when they are defined using (𝜃&) and (𝜃+).

heorem 3. Consider the (𝜃+)- and the (𝜃&)-alignment of the same two
egmentations 𝐻 and 𝑇 of the same underlying set. Then

𝑆𝑄& ≤ 𝑆𝑄+

𝑃& ≥ 𝑃+

𝑅& ≥ 𝑅+

𝑅𝑄& ≥ 𝑅𝑄+

𝑄& ≥ 𝑃𝑄+.

roof. By the previous theorem, 𝑏+ ⊆ 𝑏&, and thus the number of
rue Positives remains the same or grows with (𝜃&), since the alignment
ondition (𝜃&) is less strict, and as shown in the example in Theorem 2,
llows pairings with an IoU of less than .5 to be considered true
ositives. The extra true positives have an 𝐼𝑜𝑈 between 1

3 and 1
2 , and

o these extra TPs will bring the mean 𝐼𝑜𝑈 , which is SQ, down. Every
xtra True Positive reduces both the number of FPs and FNs by one. So
xtra TPs lead to a higher numerator but an equal denominator in the
efinitions of precision, recall and RQ (which is after all F1) and thus it
ill go up with the weaker matching condition (𝜃&). The numerator in

he definition of PQ is the sum of all 𝐼𝑜𝑈 of all TPs. So that also goes up
hen the number of TPs increases, and thus also 𝑃𝑄& ≥ 𝑃𝑄+. Indeed,

he same holds for the weighted versions of Precision and Recall. □

We will now establish that the 𝐼𝑜𝑈 threshold of 0.5 in (𝜃+) is
ptimal in the sense that any lower value would not guarantee a partial
ijection for all images. We will show this in a more general setting.
oth 𝐼𝑜𝑈 and 𝑅𝑄 are instances of a general schema, known as the
versky index [3]. Given a true and a predicted object 𝑡 and ℎ and
89 
he corresponding 𝑇𝑃 , 𝐹𝑃 and 𝐹𝑁 as defined in the beginning of this
ection, the Tversky index 𝑆 is defined as follows.

𝛼,𝛽 (𝑡, ℎ) =
|𝑇𝑃 |

|𝑇𝑃 | + 𝛼|𝐹𝑃 | + 𝛽|𝐹𝑁|

, where 𝛼, 𝛽 ≥ 0.

he 𝑅𝑄 (or 𝐹1) score corresponds to 𝛼 = 𝛽 = .5, and the 𝐼𝑜𝑈 to
= 𝛽 = 1.

heorem 4. Let 𝐵 denote {(ℎ, 𝑡) ∈ 𝐻×𝑇 ∣ 𝑆𝛼,𝛽 (ℎ, 𝑡) > 𝛾}, for some 𝛼, 𝛽, 𝛾
all between 0 and 1 and 𝐻 and 𝑇 segmentations of the same set. Then the
following are equivalent.

1. 𝐵 is a partial bijection for all segmentations 𝐻 and 𝑇 ;
2. both 𝛾

1−𝛾 𝛼 and
𝛾

1−𝛾 𝛽 are larger than or equal to 1.

The theorem immediately implies that 𝐵 defined by 𝐼𝑜𝑈 (ℎ, 𝑡) > 𝛾 is
guaranteed to be a partial bijection for all segmentations if and only if
𝛾 ≥ .5.

Proof. Let 𝐵 be defined as stated in the theorem. A little algebra shows
that (𝑡, ℎ) ∈ 𝐵 if and only if

|𝑇𝑃 | >
𝛾

1 − 𝛾
𝛼|𝐹𝑃 | +

𝛾
1 − 𝛾

𝛽|𝐹𝑁|. (1)

e start with the easy direction. Assuming both 𝛾
1−𝛾 𝛼 and 𝛾

1−𝛾 𝛽 are
at least 1, (1) implies that |𝑇𝑃 | > |𝐹𝑃 | and |𝑇𝑃 | > |𝐹𝑁| and thus
𝜃&)(ℎ, 𝑡) holds and by Theorem 1, 𝐵 is always a partial bijection.

We prove the other direction by contraposition. Suppose 𝛾
1−𝛾 𝛼 < 1.

he case for 𝛽 is shown similarly. We abbreviate 𝛾
1−𝛾 𝛼 by 𝑤 for ease of

notation. Define two total partitions 𝐻 and 𝑇 of a set 𝐸 where 𝐻 = {ℎ}
and 𝑇 = {𝑡1, 𝑡2}, satisfying |𝑡1| > |𝑡2| > 𝑤|𝑡1|. This is possible as 𝑤 < 1.

e prove that both (ℎ, 𝑡1) and (ℎ, 𝑡2) are in 𝐵 and thus 𝐵 is not a partial
ijection. Now (ℎ, 𝑡1) ∈ 𝐵 iff (1) holds. But we have

• 𝑇𝑃 𝑡1
ℎ = 𝑡1 ∩ ℎ = 𝑡1, as 𝑡1 ⊆ ℎ;

• 𝐹𝑃 𝑡1
ℎ = ℎ ⧵ 𝑡1 = 𝑡2, as 𝑡1 ∪ 𝑡2 = ℎ;

• 𝐹𝑁 𝑡1
ℎ = 𝑡1 ⧵ ℎ = ∅, as 𝑡1 ⊆ ℎ.

hus (1) reduces to |𝑡1| > 𝑤|𝑡2|, which holds because 𝑤 < 1 and we
ave constructed 𝑡1 and 𝑡2 such that |𝑡1| > |𝑡2|. We can similarly show
hat (ℎ, 𝑡2) ∈ 𝐵 using the fact that |𝑡2| > 𝑤|𝑡1|. □

.1. Every fair alignment satisfies (𝜃&)

We will now prove our main result stating that every reasonable
lignment is a partial bijection if and only if it satisfies (𝜃&). We first
evelop what are reasonable (we call them ‘‘fair’’) alignments.

efinition 1. Let 𝐻, 𝑇 , 𝑏 be an alignment.

1. We call (ℎ, 𝑡) ∈ 𝐻 × 𝑇 a mismatch in 𝐻, 𝑇 , 𝑏 if ℎ ∉ 𝑑𝑜𝑚(𝑏) but
|ℎ ∩ 𝑡| ≥ |𝑏−1(𝑡) ∩ 𝑡|.

2. We say that 𝐻, 𝑇 , 𝑏 is not fair if either 𝐻, 𝑇 , 𝑏 or 𝑇 ,𝐻, 𝑏−1

contains a mismatch.

efinition 2.

1. The alignment 𝐻, 𝑇 ′, 𝑏′ is an improvement of the alignment
𝐻, 𝑇 , 𝑏 if 𝑑𝑜𝑚(𝑏) = 𝑑𝑜𝑚(𝑏′) and ℎ ∩ 𝑏′(ℎ) ⊇ ℎ ∩ 𝑏(ℎ) holds for
all ℎ ∈ 𝑑𝑜𝑚(𝑏).

2. 𝐻 ′, 𝑇 , 𝑏′ is an improvement of 𝐻, 𝑇 , 𝑏 if 𝑟𝑎𝑛(𝑏) = 𝑟𝑎𝑛(𝑏′) and
𝑡 ∩ 𝑏′−1(𝑡) ⊇ 𝑡 ∩ 𝑏−1(𝑡) holds for all 𝑡 ∈ 𝑟𝑎𝑛(𝑏).

efinition 3. We call an alignment 𝐻, 𝑇 , 𝑏 fair if every improvement
f 𝐻, 𝑇 , 𝑏 is fair.

Thus with an improvement, we may change one of the segmenta-
ions and either the range or the domain of the alignment 𝑏, but only
f the 𝐼𝑜𝑈 of each aligned pair remains the same or increases. Let us
ee an example:
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𝑇 1,2,3 4,5,6
𝐻 1,2,3,4,5 6
𝐻 ′ 1,2,3 4,5 6

We have two alignments 𝐻, 𝑇 , 𝑏 and 𝐻 ′, 𝑇 , 𝑏′, with 𝑏 and 𝑏′ as
indicated in the mapping. 𝐻 ′, 𝑇 , 𝑏′ is an improvement of 𝐻, 𝑇 , 𝑏 as the
overlap of the matched pairs remains the same for both segments in
𝑟𝑎𝑛(𝑏). The pair ({4, 5}, {4, 5, 6}) is a mismatch of 𝐻 ′, 𝑇 , 𝑏′, and thus
𝐻 ′, 𝑇 , 𝑏′ is not fair. And thus is 𝐻, 𝑇 , 𝑏 not fair, because it has an unfair
improvement.

Theorem 5. Let 𝐻 and 𝑇 be two segmentations of the same set and
𝐵 ⊆ 𝐻 × 𝑇 . Then the following are equivalent:

• all (ℎ, 𝑡) ∈ 𝐵 satisfy (𝜃&);
• 𝐵 is a partial bijection and 𝐻, 𝑇 , 𝐵 is a fair alignment.

Proof. (⇓) Assume that all (ℎ, 𝑡) ∈ 𝐵 satisfy (𝜃&). By Claim 2, 𝐵 is a
partial bijection, so we will write 𝐵 as the function 𝑏. Now suppose
to the contrary that 𝐻, 𝑇 , 𝑏 is not a fair alignment. Then there is an
improvement of 𝐻, 𝑇 , 𝑏 which is not fair. There are two cases. We do
one, and let the improvement be 𝐻, 𝑇 ′, 𝑏′ with an ℎ ∈ 𝐻 and a 𝑡 ∈ 𝑇 ′

such that |ℎ ∩ 𝑡| ≥ |ℎ ∩ 𝑏′(ℎ)|. Because 𝐻, 𝑇 ′, 𝑏′ is an improvement, it
holds that |ℎ ∩ 𝑏′(ℎ)| ≥ |ℎ ∩ 𝑏(ℎ)|. Thus we have that |ℎ ∩ 𝑡| ≥ |ℎ ∩ 𝑏(ℎ)|.

Now 𝑡 and 𝑏′(ℎ) are disjoint, so ℎ ⧵ 𝑏′(ℎ) ⊇ ℎ ∩ 𝑡. Because 𝑏′ is an
improvement, ℎ ∩ 𝑏′(ℎ) ⊇ ℎ ∩ 𝑏(ℎ) and thus ℎ ⧵ 𝑏(ℎ) ⊇ ℎ ⧵ 𝑏′(ℎ), and
by transitivity, ℎ ⧵ 𝑏(ℎ) ⊇ ℎ ∩ 𝑡. Using |ℎ ∩ 𝑡| ≥ |ℎ ∩ 𝑏(ℎ)| we obtain
|ℎ ⧵ 𝑏(ℎ)| ≥ |ℎ ∩ 𝑏(ℎ)| which contradicts (𝜃&).

(⇑) Assume 𝐻, 𝑇 , 𝑏 is a fair alignment and 𝑏 a partial bijection.
Suppose to the contrary that (𝜃&) does not hold. Then one of the two
conjuncts fails. Suppose the first. Thus there is an ℎ ∈ 𝐻 such that
|ℎ ⧵ 𝑏(ℎ)| ≥ |ℎ ∩ 𝑏(ℎ)|. Let 𝑧 = ℎ ⧵ 𝑏(ℎ). Now create 𝐻, 𝑇 ′, 𝑏′ as follows.

𝑇 ′ = {𝑧} ∪ {𝑡 ∈ 𝑇 ∣ 𝑡 ∩ 𝑧 = ∅} ∪ {𝑡 ⧵ 𝑧 ∣ 𝑡 ∈ 𝑇 𝑎𝑛𝑑 𝑡 ∩ 𝑧 ≠ ∅},

and for all ℎ ∈ 𝑑𝑜𝑚(𝑏) set 𝑏′(ℎ) = 𝑏(ℎ) if 𝑏(ℎ) ∈ 𝑇 , and 𝑏(ℎ)⧵𝑧 otherwise.
We will show that 𝐻, 𝑇 ′, 𝑏′ is an improvement which is not fair

because of ℎ, our required contradiction. Because 𝑇 and 𝑏 have these
properties, also 𝑇 ′ is a partial partition, and 𝑏′ a partial bijection. To
show that 𝐻, 𝑇 ′, 𝑏′ is an improvement of 𝐻, 𝑇 , 𝑏, we must show that for
all ℎ̄ ∈ 𝐻 , the overlap with its match remained the same or increased,
i.e., ℎ̄ ∩ 𝑏′(ℎ̄) ⊇ ℎ̄ ∩ 𝑏(ℎ̄). This holds by definition of 𝑏′ when 𝑏(ℎ̄) and 𝑧
do not overlap. Thus in particular for the segment ℎ. If they do overlap,
then as 𝑧 = ℎ ⧵ 𝑏(ℎ) ⊆ ℎ, for all ℎ̄ ≠ ℎ, the overlap will increase because
the elements in 𝑧 are disjoint from ℎ̄ and thus taking them out of 𝑏(ℎ̄)
reduces the number of errors.

Now we show that 𝐻, 𝑇 ′, 𝑏′ is not fair for ℎ, precisely because of
the set 𝑧 ∈ 𝑇 ′ which is not in 𝑟𝑎𝑛(𝑏′). By definition 𝑧 = ℎ ⧵ 𝑏(ℎ) and
thus 𝑧 = ℎ ∩ 𝑧. By assumption on ℎ, |ℎ ⧵ 𝑏(ℎ)| ≥ |ℎ ∩ 𝑏(ℎ)|, and thus
|ℎ ∩ 𝑧| ≥ |ℎ ⧵ 𝑏(ℎ)|. We found our desired contradiction. □

3. Empirical evaluation

In this section, (𝜃+) and (𝜃&) are compared on three instance
segmentation benchmarks and their differences evaluated: How many
additional True Positives does (𝜃&) yield? What is their IoU? Are certain
classes or visual properties over-represented in the additional TPs? And
are they indeed acceptable as correct predictions?

In the experiments, PQ is calculated over the prediction and ground
truths sets for all three datasets, where only the matching condition is
altered to be either (𝜃+) or (𝜃&). Recall that, since the (𝜃&) matching
is less strict than the (𝜃+) matching, ground truth and predicted pairs
with an IoU of less than .5 can be considered true positives under (𝜃&)
but not under (𝜃+), and thus the number of true positive matchings
under (𝜃&) will be larger or equal to that of (𝜃+).

Fig. 2 shows two examples of additional true positives yielded by
(𝜃&). In the top image, the model makes a recall error and misses a

substantial portion of the ground truth object, indicated by the large
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Fig. 2. Two examples of TPs according to (𝜃&), but not according to (𝜃+). The blue and
purple contours refer to 𝑡 and ℎ, respectively. The green area indicates the intersection
between 𝑡 and ℎ, red signifies pixels only present in ℎ, and yellow signifies pixels only
present in 𝑡. Cardinalities of sets denote number of pixels.

yellow region. In the bottom image, the model makes a precision error
and erroneously predicts a large portion of the image to belong to the
ground truth object, indicated by the red region. In both cases, the IoU
equals .49, and thus not enough to be a TP according to (𝜃+).

For the comparison, Mask-R-CNN [4] was run on the CityScapes [5],
MS COCO [6] and LVIS(version 0.5) [7] datasets. CityScapes consists
of images from streets in several German cities, and MS COCO and
LVIS both consist of Flickr images. As is common practice, we use
the validation sets to evaluate the performance of the image detection
method. It should be noted that CityScapes has much more objects
per image annotated (𝜇 = 20.4) than the two other sets. We used
the pre-trained Mask-R-CNN models made available by Meta through
their Detectron2 library [8] for all three datasets. The code and data to
reproduce the results of the empirical evaluation are publicly available
on Github.3 The main findings can be summarized as follows.

• Evaluating by (𝜃&) instead of (𝜃+) yielded 1,250 additional TPs
on the three datasets in total. Per dataset, this meant one to two
percent point higher recall.

• The IoU of the additional TPs is close to the 0.5 threshold of (𝜃+)
(𝜇 = .46, 𝜎 = .03).

• The number of objects in an image and the additional number
of true positives in an image are positively correlated, with a
Pearson correlation of .35.

• additional TPs are heterogeneous in size, their visual properties
and their missed and spurious pixels.

• Five percent of the additional TPs can be considered as being
incorrectly classified as detected objects. The majority of these
false hits are very small objects.

We first describe the distribution of the IoU values of the additional
TPs. Table 2 shows that (𝜃&) yields 1,250 additional true positives

3
 https://github.com/RubenvanHeusden/GeneralizedPanopticQuality

https://github.com/RubenvanHeusden/GeneralizedPanopticQuality
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Fig. 3. (a): Boxplot of the distributions of the IoU of true positives under both (𝜃+)
and (𝜃&) and (b): KDE plot of the IoU of the additional TPs with the vertical lines
representing the first quartile.

Table 2
Number of additional TPs and the fraction of the additional TPs within all TPs.

Dataset Additional TPs Fraction

CityScapes 232 .02
MS COCO 536 .01
LVIS 492 .01

counted over all three datasets, between 1 and 2 percent more true
positives than (𝜃+) depending on the dataset. Fig. 3(a) shows the
distributions of the IoU for both (𝜃+) and (𝜃&) for all three datasets.
For all three, the distributions differ significantly when measured using
the Kolmogorov–Smirnov test (𝐷6944,7166 = .03, 𝑝 = .001, 𝐷18957,19483 =
.027, 𝑝 < .001 and 𝐷14053,14545 = .03, 𝑝 < .001), for CityScapes, MS COCO
and LVIS respectively, where the subscripts indicate the sample sizes
of (𝜃+) and (𝜃&) respectively. Fig. 3(b) shows the distributions of the
IoU of the additional TPs. For all datasets, over 75% of these TPs has
an IoU higher than .43.

We now investigate whether the true objects of the additional TPs
have particular characteristics. The number of objects in an image
and the additional number of true positives in an image are positively
correlated (𝑟(9036) = .35, 𝑝 < .001). In all three datasets, the objects are
also assigned to classes. The distributions of the classes over all objects
and over the additional TPs do not differ significantly for CityScapes
and COCO when measured using the Kolmogorov–Smirnov test (𝐷 =
10
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Fig. 4. Examples of the Partially occluded and Crowd classes.

.43, 𝑝 = .37, 𝐷65 = .03, 𝑝 = .07. For the LVIS dataset there is a significant
difference (𝐷149 = .23, 𝑝 < .001), which can be explained by the fact
that the dataset has many, 830, fine-grained labels and that there are
is only a small amount of additional true positives, so many classes with
a few objects in the gold standard do not occur in the additional true
positives.

We manually inspected all 232 additional TPs in the CityScapes
dataset and classified them into the best fitting error-types, shown in
Figs. 3 and 4 (𝑁𝑝𝑎𝑟𝑡𝑖𝑎𝑙 = 48, 𝑁𝑒𝑥𝑡𝑟𝑎 = 45, 𝑁𝑜𝑐𝑐𝑙𝑢𝑑𝑒𝑑 = 24, 𝑁𝑐𝑟𝑜𝑤𝑑 = 48,
𝑁𝑠𝑚𝑎𝑙𝑙 = 45, 𝑁𝑎𝑛𝑛𝑜𝑡𝑎𝑡𝑖𝑜𝑛 𝑒𝑟𝑟𝑜𝑟 = 12).

The classification of error types is partly inspired by previous work
by for example Bernhard et al. [9], with similar definitions for the
partial and extra classes, with the work by Bernhard et al. also providing
error categories for cases where the predicted and ground truth objects
are disjoint. For all error types, the mean IoU is close to 0.5, meaning
there is not one error type that accounts for most of the low IoU TPs.

We now investigate whether the additional TPs can really be con-
sidered True Positives. The (𝜃&) criterion can yield true positive pairs
with an IoU of just over one-third, in which case the overlap is only
a little bit more than both the missed part and the wrongly assigned
part, like in the middle column of Table 1. Fig. 3(b) shows that in
all three datasets there are TPs with an IoU just over a third. If this
wrongly assigned part (the FP pixels) overlaps almost completely with
another true object, we consider the TP a false hit. Fig. 4(b) contains
an example of such a false hit: the wrongly assigned yellow and red
parts are almost as large as the green overlap and the red part is for a
large part contained in another object. We make this notion of false hit
precise as follows, using a parameter 0 < 𝜋 < 1 to capture ‘‘almost as
large’’. A TP (𝑡, ℎ) is a false hit if there is a true object 𝑡′ ≠ 𝑡 such that
𝜋 ⋅ |𝑡 ∩ ℎ| ≤ |𝑡′ ∩ ℎ| and 𝜋 ⋅ |𝑡 ∩ ℎ| ≤ |𝑡 ⧵ ℎ|. Note that the first conjunct
also implies that 𝜋 ⋅ |𝑡 ∩ ℎ| ≤ |ℎ ⧵ 𝑡| because 𝑡 and 𝑡′ are disjoint. It is
easy to see that only additional TPs can be false hits. We set 𝜋 = .75.
Only 61 of the 1,250 additional TPs are false hits, (0.5%, 5% and 6%
for CityScapes, COCO and LVIS, respectively). These false hits tend to
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be small objects (within the COCO dataset an object is called small if
it has less than 1024 pixels). For CityScapes, MS COCO and LVIS the
median pixel size of the true object of the false hits is 359, 422 and
30 pixels, respectively. For CityScapes, MS COCO and LVIS, 100, 71
nd 65 percent of the false hits are small objects. Foucart et al. [10]
iscuss the PQ metric for medical imaging for cell nuclei, and argue
gainst the usage of PQ for small objects, as the small size of the objects
eans small perturbations in the predictions can have a large effect on
hether or not a cell is considered a true positive. Since the majority of

he additional True Positives can be considered correct, we believe that
sing the (𝜃&) alignment condition thus yields a more accurate way of
easuring model performance.

. Related work

Traditionally, the performance of image segmentation models has
een evaluated using a variety of pixel- and object-level metrics, such
s pixel-level precision and recall, and object-level metrics such as
verage Precision and average IoU scores [5,11,12]. Both Average
recision and average IoU make usage of the IoU score to produce a
apping between predicted and ground truth objects. In particular,
verage Precision is calculated by using the IoU threshold of .5 and
efining precision and recall in a similar manner to PQ. Although
hese metrics are still widely reported, the emergence of the panoptic
egmentation task has resulted in the more widespread adaptation
f the PQ metric [4,13,14]. Examples include the MaskFormer and
neFormer architectures [4,14], both of which use the Transformer
rchitecture at the basis of the prediction model, and present unified
rameworks for tackling semantic, instance and panoptic segmentation
imultaneously. Li et al. provide a detailed overview of the usage of
ransformer-based models in their survey paper [15], reporting their
esults using the PQ metric for panoptic segmentation datasets. Several
mage segmentation challenges and benchmarks have also adopted
he Panoptic Quality metric as part of their evaluation setup, with
xamples in diverse fields such as the detection of different types of
rops, detection of cell nuclei in the medical domain, the segmentation
f 3D point clouds from LiDAR data and other domains such as for
odeling attacks on network systems [16–18]. The PQ metric has also

een extended for usage in the video domain, where it is referred to as
ideo Panoptic Quality (VPQ) [19]. In this setting, IoU is used to obtain
P, FP and FN values over a collection of video frames, after which
PQ is calculated in the same way as the original PQ metric. The VPQ
etric includes a hyperparameter 𝑘 that determines how many frames

are considered for the calculation of PQ. Cheng et al. [20] propose a
change to the calculation of the IoU metric to make it more sensitive to
mistakes in object contours. Since the number of pixels around the edge
of an object does not scale proportionally with the area of the object,
IoU tends to under-penalize boundary mistakes in larger objects. To
remedy this problem, they propose Boundary-IoU, which only considers
pixels up to 𝑑 pixels away from the object contour and is formalized as
follows. Given a distance parameter 𝑑, ground truth object 𝑡 ∈ 𝑇 and
predicted object ℎ ∈ 𝐻 .

𝐼𝑜𝑈𝐵𝑜𝑢𝑛𝑑𝑎𝑟𝑦 =
𝑡𝑑 ∩ ℎ𝑑
𝑡𝑑 ∪ ℎ𝑑

(2)

Where 𝑡𝑑 and 𝑡ℎ are the portions of the ground truth and predicted
objects that are up to 𝑑 pixels away (measured in Euclidean distance)
from their respective object contours. The choice of the distance pa-
rameter 𝑑 controls the sensitivity of the metric towards mistakes in the
object boundaries: the lower 𝑑, the more the object contour decides
whether a pair (𝑡, ℎ) is a true positive. [id=RH]Choosing the appropriate
value for 𝑑 is an important consideration, as setting the value of 𝑑
too low can result in very small perturbations (for example stemming
from contour ambiguity) having a large effect on the final score. Cheng
et al. experimented with this by comparing the annotations from two
annotators on the LVIS dataset, treating one as the gold standard and
92 
one as the prediction, varying the value of 𝑑 and counting the number
f TPs. They found that, for the LVIS dataset, setting 𝑑 to roughly two
ercent of the image diagonal, and so 𝑑 would be potentially different

from image to image, and could possibly even depend on the ground
object size, to avoid the aforementioned problem. [id=RH]For both the
VPQ and Boundary-PQ variations, substituting the (𝜃+) matching by
he (𝜃&) matching still results in partial isomorphism, as both variants
onstrain the predicted objects to be non-overlapping.

. Discussion & future work

Although the paper explores the effect of the altered alignment
ondition (𝜃&) on the PQ metric specifically, the fact that the matching
oncerns the IoU metric means that the altered condition can be used
n any setting where IoU is used in determining the correctness of

prediction against a gold standard. Examples of this include the
verage Precision and average IoU metrics discussed previously, as well
s metrics in different fields, such as Named Entity Recognition and text
egmentation. Depending on the specific application, the fact that the
𝜃&) matching is less strict than the original formulation means that in
eneral more True Positives will be yielded with this matching.

If predicted and ground truth segments are particularly small (such
s cell nuclei in medical images), the use of Panoptic Quality as a reli-
ble evaluation metric can become problematic, as outlined by Foucart
t al. [10]. As in the Boundary-IoU paper, one of the problems is that

mistakes around the boundaries of an object are penalized more heavily
for small objects compared to larger objects. Experiments on nuclei
segmentation datasets in which artificial distortions are applied to the
predictions (dilation by 1 pixel, erosion by 1 pixel and 1 pixel vertical
shift), show these small perturbations can lead to a significant amount
of predictions receiving an IoU of less than 0.5, in turn resulting in
low PQ scores, that do not reflect the actual quality of the predictions
when manually inspected. One of the causes of this behavior is the
fact that IoU inherently does not weight spurious and mixed pixels
qually, with predictions with missed pixels being scored lower than
purious pixels errors of the same size. Although the proposed matching
ule would alleviate this problem in some regards as the threshold is
elaxed, the inherent problem is still present. Although this problem
s usually solved in practice by discarding predictions below a certain
ize (dependent on the dataset) [21,22]. Future work can be done in
dapting the metric to use cases where small predictions are common.
lthough this work explores the implications of a new matching rule

or Panoptic Quality in the image domain, the practical implication has
nly been measured for a handful of datasets in the image domain,
nd the difference between the two matching rules might be more pro-
ounced for different fields such as usage in Named Entity Recognition,
omething that could also be explored in future work.

. Conclusion

We found a useful, simple, interpretable and effectively computable
efinition for aligning true and predicted segments which is both a
ecessary and sufficient condition for the alignment being a partial
ijection. If, given a predicted and true segment, we let TP, FP and FN
tand for the pixels in the overlap, the spurious and the missed pixels,
espectively, then the necessary condition aligns the two segments if
TP| > |FN| and |TP| > |FP|. This in contrast to the stronger 𝐼𝑜𝑈 > .5
ondition which is equivalent to |TP| > |FN|+|FP|. The effect of the
eaker condition was small but not negligible; on three instance seg-
entation datasets it led to a 1%–2% increase in recall. Our empirical

nalysis of these additional true positives shows that 95% of them
re indeed valuable correctly identified objects. The few misses were
ostly very small objects. As the new condition is the most general

ffectively computable alignment that guarantees a partial bijection,
e recommend it will be used in future implementations of PQ.
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