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Abstract

Video panoptic segmentation (VPS) unifies panoptic segmentation and object tracking by assigning each pixel a semantic class
label, or for thing classes, an instance identifier that is consistent across frames. Addressing this task, we propose a novel online
VPS method for processing stereoscopic image sequences, which is based on depth-aware kernel-based panoptic segmentation.
Specifically, we introduce a geometrical constraint based on predicted bounding boxes into the segmentation of thing instances to
overcome the fundamental limitation of kernel-based panoptic segmentation that only appearance information is considered in this
step; this regularly leads to panoptic segmentation results in which distinct instances are erroneously merged into one mask. To
link detected instances across frames, we propose to extend the commonly employed appearance-based association with a motion-
related constraint based on optical flow; this resolves ambiguities in case of instances of similar appearance and, thus, reduces the
number of incorrect associations. We experimentally evaluate our method on the publicly available Cityscapes-VPS dataset and
compare our results to those of several related methods from the literature. The results demonstrate that our method improves the
panoptic quality for a single frame and enhances the instance association across frames, leading to an overall improvement of 3.5%
in Video Panoptic Quality on thing classes compared to the employed baseline.

1. Introduction

Panoptic segmentation (PS) delivers rich scene representations,
predicting class and instance labels at pixel-level for instances
of objects belonging to thing classes (e.g., car, pedestrian)
while still providing class labels for stuff classes (e.g., tree, sky)
(Kirillov et al., 2019b). Video panoptic segmentation (VPS)
(Kim et al., 2020) extends PS by linking the results of consec-
utive frames in a video. The stuff classes might benefit from
the additional temporal context, but most importantly, instances
of thing classes are linked across frames, providing consistent
identity labels for the same instance, so that the movement of
individual instances can be tracked.

Most VPS approaches (Li et al., 2022; Shin et al., 2024; Kim et
al., 2022) are built on top of kernel-based PS methods (Zhang
et al., 2021; Yu et al., 2022; Wang et al., 2021): a deep neural
network predicts a so-called kernel (also referred to as embed-
ding or object query) per stuff class and per thing instance and
a feature map encoding the input image. Each of these ker-
nels is convolved with this feature map before applying a sig-
moid activation to yield a binary map per kernel; this binary
map indicates the area in the input image associated with a spe-
cific stuff class or thing instance. Contradictions across these
maps are typically solved in a post-processing step, ensuring
that each pixel in the input image belongs to exactly one stuff
class or thing instance. However, the concept of kernel-based
PS has a fundamental limitation, as illustrated in Figure 1: The
binary masks of instances of the same thing class having a sim-
ilar appearance are regularly overlapping, as mainly the appear-
ance of instances is considered when convolving the corres-
ponding kernel with the feature map, but not their geometrical
characteristics. During post-processing this often leads to erro-
neously merged instance masks. Based on the outlined concept
of simply linking the predicted instance masks across frames,
such errors have a direct negative impact on the VPS quality,
too. While Nguyen et al. (2024) propose a depth-aware dif-

Figure 1. Illustration of the effect of our bounding box-based
constraint on the segmentation of thing instances. Left: A mask

predicted by (Nguyen et al., 2024), in which two car instances of
similar appearance are erroneously merged. Right: Our method
resolves this problem by using geometric information. The red

dots refer to the predicted centres of the segmented car
instances.

ferentiation between instances, their approach could only mit-
igate the problem. We follow a different direction and predict
a bounding box alongside each instance-related kernel. This
bounding box is used to limit the area in which the associated
kernel is convolved with the feature map encoding the input
image, effectively introducing a learned geometrical constraint
regarding the extent of object instances.

To link thing instances across frames, most recent VPS methods
rely solely on appearance information (Li et al., 2022; Zhou et
al., 2024; Shin et al., 2024); often, the cosine similarity between
the kernels of two instances detected in consecutive frames is
computed to decide whether these instances show the same ob-
ject. However, as regularly shown in the context of multi-object
tracking, the combination of both, appearance and geometry-
related information, typically works best in terms of minimiz-
ing ambiguities when linking object instances over time. Kim
et al. (2020) use motion information in image space, i.e., an op-
tical flow map, to transform the feature map extracted from a
previous frame to the coordinate system of the current frame,
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before fusing the feature maps of both frames. Thus, the pre-
diction of masks for stuff classes and thing instances can make
use of temporal relations between spatial information in con-
secutive frames. However, the geometric information is only
used implicitly, but not for actually linking instances over time.
To overcome this limitation, we extend this approach and fur-
ther use the optical flow map to transform the instance masks
predicted for the previous frame to the coordinate system of
the current frame. By computing the Intersection over Union
between the masks of the previous frame thus transformed and
those from the current frame, we obtain a geometric cue which
we use together with appearance information for linking object
instances across frames.

In summary, this paper addresses the task of VPS from stereo-
scopic image sequences. Focusing on the outlined limitations
of current kernel-based PS methods and on integrating geomet-
ric information into the association of thing instances over time,
we aim to improve both, panoptic and video panoptic segment-
ation quality. The main contributions of this work are:

• We present a new VPS method to process stereoscopic im-
age sequences in an online manner.

• We extend kernel-based PS by introducing a geometrical
constraint: we estimate a bounding box per thing instance
and limit the spatial extent of such an instance to the pixels
enclosed by this bounding box.

• We adapt the association step of VPS by considering mo-
tion information, in combination with appearance inform-
ation, when linking thing instances across frames.

2. Related Work

Panoptic Segmentation: As outlined before, most VPS ap-
proaches build on top of a PS method, achieving their goals
by extending PS by an association step to link thing instance
across frames. There are different approaches for PS, e.g., top-
down (Xiong et al., 2019; Li et al., 2019), bottom-up (Cheng
et al., 2020) and kernel-based PS techniques. (Li et al., 2021;
Zhang et al., 2021). The latter are commonly the preferred
choice as a basis for VPS; this is due to the unified represent-
ation for thing and stuff classes and the reduced need for post-
processing. However, by design, kernel-based PS methods tend
to merge the segmentation masks of distinct instances of similar
appearance: When computing the segmentation masks by con-
volving an instance-related kernel with the feature map encod-
ing the input image and when deciding whether two instances
actually refer to the same object and their segmentation masks
should thus be merged during post-processing, only the appear-
ance of these instances is considered, but neither their positions
in image space nor their extents. Nguyen et al. (2024) attempt to
overcome this limitation by introducing depth information ob-
tained via stereoscopic image matching. Specifically, the depth
is used in two ways: as additional input alongside the colour
image and in a depth-aware Dice loss function, which penal-
izes cases in which distinct thing instances at different distances
from the image plane are merged. While this approach could
mitigate the described problem, it did not solve it; in particular,
distinct instances of similar appearance and distance to the im-
age plane remain problematic. In the present work, we follow a
different approach and propose to explicitly introduce geomet-
ric information into the computation of the segmentation masks
in kernel-based PS. Specifically, we limit the area in which a

kernel is convolved with the feature map based on a predicted
bounding box.

Video Panoptic Segmentation: To proceed from PS, per-
formed separately for each individual frame, to VPS, most
methods follow an online approach and aim to link instances
detected in the immediately preceding frame to those detec-
ted in the current frame, propagating unique identifiers. Kim
et al. (2020) extend the top-down PS method UPSNet (Xiong
et al., 2019) by using an estimated optical flow map to trans-
form features extracted from the previous frame to the coordin-
ate system of the current frame, before combining them with
features extracted from the current frame. The combined fea-
tures are used to compute a segmentation mask per stuff class
and thing instance and an appearance embedding per instance.
This embedding is optimized with a tracking and a contrastive
loss, allowing to distinguish between distinct instances and to
link instances from both frames showing the same object based
on their related appearance embeddings. Video K-net (Li et
al., 2022) extends the kernel-based PS method of Zhang et al.
(2021) by adapting the attention mechanism (Vaswani et al.,
2017). Specifically, the kernels are not predicted in a single
step, but are iteratively improved; the resulting intermediate
kernels from consecutive frames are fused via cross-kernel at-
tention, ensuring that kernels associated with the same object
are similar across frames. This enables the association of in-
stances across frames using the cosine similarity computed on
the related final kernels. Zhou et al. (2024) focus on the emer-
gence and disappearance of instances in an image sequence, ar-
guing that such instances are commonly erroneously associated
because association is often enforced although there is no cor-
responding instance in the adjacent frame. The authors state
that both cases, the emergence and disappearance of instances,
corresponds to the association of foreground and background
embeddings, i.e., the association of feature vectors that rep-
resent visible instances and others that represent instances that
have not been seen so far using some kind of default feature vec-
tor, respectively. However, existing methods derive instance-
related kernels solely from foreground embeddings, which cre-
ates a discrepancy between these two kinds of embeddings,
hindering a reliable association. To reduce this discrepancy,
Zhou et al. (2024) enable the kernels to retrieve information
from both, foreground and background embeddings, through
an attention-based scheme (Vaswani et al., 2017). In summary,
all methods discussed so far solely consider appearance-related
information to link thing instances across consecutive frames.
However, neglecting the geometric properties regularly leads to
ambiguities and incorrect associations if multiple similar object
instances are observed.

Aiming to overcome this limitation, Shin et al. (2024) consider
both, the appearance and the spatial position in image space of
an instance, when linking instances across frames. For this pur-
pose, a cross-attention approach (Yu et al., 2022) based on k-
means clustering is used to group pixels belonging to the same
instance, computing an appearance and a position-related em-
bedding per instance from the feature vectors and the coordin-
ates corresponding to these pixels, respectively. Based on the
pair-wise dissimilarity between embeddings of instances from
different frames, the Hungarian algorithm (Kuhn, 1955) is used
to obtain a globally optimal association of instances across con-
secutive frames. However, using the spatial position in image
space for association introduces the assumption that instances
are subject to only minor movements across frames. This as-
sumption is only valid if the frame rate of the image sequence
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is high in relation to the observed motion; in practice, this as-
sumption is regularly violated, because both, the observed thing
instances and the camera, are moving. In contrast, the present
work focuses on the incorporation of motion information using
optical flow into the association step and thus explicitly models
larger movements of instances across frames in image space.

3. Background: Kernel-based Panoptic Segmentation

We start with a brief review of kernel-based PS (Li et al.,
2021) with its extension for considering stereo images as in-
put (Nguyen et al., 2024). The latter forms the basis of our new
method for VPS.

The goal of the PS of a single colour image Ic ∈ RH×W×3 of
extent H×W is to assign each of its pixels either to one of Kst

stuff classes or to one instance of one of the N th thing classes.
Li et al. (2021) propose a kernel-based approach to achieve this
goal. First, a Feature Pyramid Network (FPN) with Resnet50
backbone (Lin et al., 2017) is used as an encoder that extracts a
multi-scale feature map from the image. A subsequent network
branch, the Feature Encoder, converts the output of the FPN
into a feature map F of dimension H/4 × W/4 × Ce using a
module proposed for that purpose in (Kirillov et al., 2019a); Ce

is a hyperparameter.

The hierarchical FPN output also forms the input for another
network branch, the Kernel Generator. The Kernel Generator
predicts one weight vector (called kernel) for each of the stuff
classes and one such kernel per detected instance of any of
the thing classes. Instance detection is based on detecting the
centres of instances similarly to (Zhou et al., 2019). Thus, al-
together there will be Kst +Kth such kernels, each associated
with a class label also predicted by the Kernel Generator; here,
Kth represents the total number of thing instances.

Each of these kernels is convolved with the output of the feature
encoder. After applying a sigmoid activation to the outputs, up-
sampling by a factor of 4 and applying a threshold to the result-
ant score maps, Kst +Kth binary maps are obtained at the ori-
ginal resolution of the input. The first Kst maps identify pixels
assigned to the corresponding stuff classes, whereas each of the
other masks identifies pixels assigned to a specific instance of
one of the thing classes. Finally, post-processing is applied to
remove contradictions between the individual label maps (Kir-
illov et al., 2019b). The resultant masks along with the class
labels represent the final output of PS. Training is based on
the minimization of a loss function consisting of two terms:
one term is related to the output of the network branch inside
the Kernel Generator that predicts the instance centres and the
pixels associated with the stuff classes (Position Head), and the
second one is a Dice loss (Milletari et al., 2016) for comparing
the predicted masks to a reference.

Nguyen et al. (2024) extend this method, using a depth map
Id ∈ RH×W generated from stereo matching as a second input.
For that purpose, a second FPN encoder is trained to process the
depth map, and the resultant hierarchical feature map is fused
with the one generated from the input colour image. The fused
feature map is processed in the same way as in (Li et al., 2021).
Nguyen et al. (2024) also propose an additional depth-aware
loss designed to mitigate the problem of merged instances, but
as shown in the left part of Fig. 1, it did not solve it completely.

4. Methodology

4.1 Overview

Our new stereo-based online VPS method is based on the one
described in Section 3. The architecture is shown in Fig. 2. At
any time t, we assume a pair of colour images to be available,
acquired simultaneously by two synchronized cameras. Dense
matching is applied to generate a depth map (we use (Lipson et
al., 2021) in our experiments), and in the following steps, the
data at time t are represented by the reference colour image Ic

t

and the depth map Id
t available in the same coordinate frame.

The network will not only process the image and the depth map
acquired at time t, but also the corresponding data acquired at
the previous time step, Ic

t−1 and Id
t−1. The movement of the

cameras and the observed objects is considered by an image Ot

representing dense optical flow between Ic
t−1 and Ic

t , which
serves as an additional input (we use (Teed and Deng, 2020) to
generate Ot in our experiments). Finally, a list of tracked thing
instances are also required.

The output at time t is similar to the one of standard PS as de-
scribed in Section 3. On the one hand, it consists of Kst binary
masks Mst

t,j , each indicating which pixels are assigned to the
stuff class j, while on the other hand it consists of the updated
list of tracked thing instances that will form the input to the net-
work at epoch t + 1. Each thing instance i is represented by
a binary mask Mth

t,i, a class label ci, the kernel Kth
t,i that was

used to generate the mask, and a unique identifier IDi of that
instance. All of the mentioned masks are those obtained after
post-processing; they can be used to generate an RGB image
in which every RGB-triple encodes both the class labels of all
object types and the unique identifiers of the thing instances
(Kirillov et al., 2019b)1. The difference to the representation
of the output described in Section 3 is that each instance is as-
sociated with its identifier IDi; this identifier will be identical
for the same instance at different time steps and, thus, allows to
infer the trajectory of an instance over time. The kernels Kth

t,i

are required for associating instances over time.

At time t, the network as presented in Fig. 2 first processes the
image and the depth map of each epoch (t and t − 1) using a
shared encoder. The encoder is the one of Nguyen et al. (2024)
and fuses the output of two branches (cf. Section 3). The res-
ultant hierarchical feature maps Pt and Pt−1 are combined by a
temporal fusion module adapted from (Kim et al., 2020), taking
into account the optical flow image Ot. In this way, the PS at
time t can benefit from the information available at the previous
timestep. This fusion block generates a joint hierarchical fea-
ture map Pt,f having the same structure as the two input feature
maps; it is described in Section 4.2.

The fused feature map Pt,f serves as the input to the Feature
Encoder and the Kernel Generator. We use the Feature Encoder
of (Li et al., 2021), but propose to extend the Kernel Generator
of (Li et al., 2021) by the BBox Estimation Head, an additional
branch for predicting a bounding box BBt,i for every thing in-
stance i in order to overcome the problem of merged instances
(cf. Fig. 1). These bounding boxes are used in the generation of
the instance masks, restricting the convolution of each instance
kernel to the area indicated by the corresponding bounding box.
The masks are post-processed as described in Li et al. (2021)

1 https://github.com/cocodataset/panopticapi/tree/master/panopticapi
(accessed 15/11/2025).
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Figure 2. Given a colour image and a depth map for the current and the previous frame, an optical flow map and a list of instances
tracked up to the previous frame, our method performs a PS of the current frame and updates the list of tracked instances by linking

instances from the list of tracked instances to those detected in the current frame. The grey boxes represent the method we use as
baseline (Nguyen et al., 2024). The green boxes present our extensions to this baseline, focusing on incorporating temporal

information into the encoder (Temporal Fusion), the computation of the segmentation masks (BBox Estimation Head) and the
association of thing instances across frames (Associator). Label Image Generation represents an optional processing step (thus the

dashed arrows), and is used to visualize the result and for evaluation purposes.

(cf. Section 3). The Kernel Generator and mask prediction are
presented in Section 4.3.

The last step of VPS is to link the instances detected at time t to
those in the list of tracked instances, thus defining the identifiers
IDi of these instances. This is done by an Associator, which
also considers the optical flow image Ot. The Associator also
updates the list of tracked instances, so that it can serve as input
for the next epoch t+ 1. It is described in Section 4.4.

At time t = 0, the image and the depth map of the previous
time step are not available. In this case, Ic

0 and Id
0 are used

to represent the previous timestep also, i.e., they are processed
twice; the optical flow image is initialized by zeroes. The list of
tracked objects will be empty.

The training procedure follows the one described in (Nguyen
et al., 2024) as outlined in Section 3, but requires an additional
loss term to train the BBox Estimation Head. The training pro-
cedure is described in Section 4.5.

4.2 Temporal Fusion

As outlined in Section 4.1, the temporal fusion module com-
bines the hierarchical feature maps Pt−1 and Pt generated by
the encoder based on the images and depth maps of two time-
steps and generates a joint hierarchical feature map Pt,f , con-
sidering the optical flow image Ot. Each hierarchical input fea-
ture map contains feature maps at different scales k ∈ [2 . . . 7],
each with a resolution smaller than the input by a factor of 1/2k;
these scale-specific maps are denoted by pkt−1, pkt and pkt,f for
the two input timesteps and the output, respectively.

The temporal fusion module is inspired by (Kim et al., 2020).
First, all scale-specific feature maps of both time steps are up-
sampled to the resolution corresponding to k = 2 using nearest
neighbour interpolation, and one average feature map is determ-
ined per timestep by averaging the corresponding upsampled
maps. This results in two feature maps p̄t−1,o, p̄t that combine
information from all scales. To enable a pixel-wise exchange
of information between the two timesteps, the optical flow Ot
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Figure 3. The temporal fusion module inspired by (Kim et al.,
2020). Green blocks are related to spatial information, the

yellow block is related to temporal information.

is used to transform the feature map p̄t−1,o into the coordin-
ates system of p̄t, yielding a co-aligned feature map p̄t−1. The
architecture of the block used to fuse the two aligned feature
maps p̄t−1 and p̄t is shown in Fig. 3.

First, a weight matrix w is determined that has the same spa-
tial dimensions as p̄t. The element w(x, y) at position x, y is
determined according to

w(x, y) = σ (p̄t−1(x, y) · p̄t(x, y)) , (1)

where p̄t−1(x, y) · p̄t(x, y) represents the inner product of the
two feature vectors at position (x, y) in p̄t−1 and p̄t, respect-
ively, and σ (·) denotes the logistic sigmoid function. The
weight encodes the relevance of the information from time t−1
for time t, which is large if the corresponding feature vectors
are similar. Every feature vector p̄t−1(x, y) in p̄t−1 is multi-
plied with the corresponding weight w(x, y), and the resultant
weighted feature map is concatenated with p̄t. On the one hand,
a 1 × 1 convolution is applied to reduce the feature dimension
of the concatenated tensor to the one of p̄t; the result p̄t,tmp is
considered to encode temporal context. On the other hand, the
concatenated features are processed by another 1 × 1 convolu-
tion with the same purpose. Then, 3× 3 max pooling and 3× 3
average pooling are applied, both with stride 2, and the results
are concatenated. After reducing the feature dimension by an-
other 1× 1 convolution, a 3× 3 convolution is applied, and the
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resultant feature map is upsampled by a factor of 2, yielding a
result p̄t,sp with the same dimensions as p̄t that is considered to
encode local spatial context.

Next, the two vectors p̄t,tmp and p̄t,sp are fused. For that pur-
pose, a 3 × 3 convolution is applied to p̄t,sp, and the sigmoid
function is applied to every element of the resultant tensor. The
output w̄t,sp is supposed to contain weights for p̄t,tmp. Also,
two 1× 1 convolutional layers are applied to p̄t,sp, and the res-
ult is added to the element-wise product w̄t,sp ◦ p̄t,tmp, yield-
ing a fused tensor p̄t,f that is supposed to embed both spatial
and temporal context across all scales. Finally, p̄t,f is down-
sampled by a factor of 2 multiple times, resulting in multiple
feature maps p̄kt,f with k ∈ [2 . . . 7]. These feature maps are ad-
ded to the corresponding input feature maps pkt associated with
time t (Kim et al., 2020). As a result, we obtain a hierarchical
feature map Pf,t that represents the final output of the temporal
fusion module and serves as input to the subsequent network
branches.

4.3 Kernel Generator and Mask Prediction

In Section 3, the Kernel Generator and the generation of the
output masks proposed by (Li et al., 2021) were outlined. This
workflow resulted in the problem indicated in Fig. 1: similar
instances of a class are frequently merged. The depth-aware
training procedure of Nguyen et al. (2024) could only mitig-
ate this problem. An inspection of intermediate results of the
original method revealed that the problem was not instance de-
tection; in the example in Fig. 1, both instances were originally
detected and masks for both instances were determined. How-
ever, both masks did not coincide well with the instance bor-
ders, and in the ad-hoc post-processing step used in (Li et al.,
2021), the mask of the instance for which the prediction of the
position head has a higher confidence always superseded the
one of the second instance, so that ultimately, the two instances
were merged. Thus, the problem was not due to kernel gener-
ation, but due to the way in which the masks were generated
and in which the masks were post-processed to remove contra-
dictions. This section focuses on the modifications we propose
to overcome this problem, which only affect the way in which
thing instances are dealt with; the remaining aspects of kernel
generation and the definition of the binary masks are identical
to those presented in (Li et al., 2021).

Thing instances are generated on the basis of the output of the
Position Head in the Kernel Generator (Fig. 2): for every thing
class, it will predict one heatmap per scale of the feature map
Pf,t that is the input of the Kernel Generator. Hypotheses for
centres of thing instances of that class are determined as the
positions of relative maxima of such a heatmap with a value
above a certain threshold. For each such hypothesis, the kernel
is sampled from the feature map that is the output of the Ker-
nel Head in the Kernel Generator. Hypotheses generated from
heatmaps at different scales are merged based on their spatial
position; this differs from (Li et al., 2021) and (Nguyen et al.,
2024), where only the similarity of kernels (thus, only appear-
ance) is considered. Weak hypotheses are suppressed if there
are too many such hypotheses. Each remaining hypothesis cor-
responds to a detected thing instance, and the corresponding
instance mask is generated based on a convolution of the output
of the Feature Encoder with the resultant kernel Kth

t,i.

As the kernels are vectors extracted from a feature map that
is generated from the input by convolutional and other layers,

they mainly encode the appearance of thing instances. Con-
sequently, the kernels extracted at the centres of instances of
similar appearance at the same scale will be very similar, and
the results of the convolutions will also be similar, which leads
to the problem described above. In particular, there is no geo-
metrical constraint that could, e.g., identify unreasonably large
instance masks. Consequently, we propose to consider geomet-
rical information to avoid the generation of unreasonably large
instances as indicated by the foreground pixels of the gener-
ated instance masks. This is achieved by adding an additional
network branch to the Kernel Generator, the BBox Estimation
Head. For every spatial position and every scale of the input
feature map Pf,t, this head predicts the most probable bound-
ing box of an object if that position were the centre of a thing
instance. Here, any bounding box is represented by a quad-
ruple (x0, y0, w, h), where (x0, y0) represent the coordinates of
the upper left corner and (w, h) denote the width and height
of the box, respectively. The structure of the Bbox Estimation
Head follows the one of the Kernel Head. In particular, each
scale-specific feature map pkf,t in the hierarchical input feature
representation Pf,t is processed by three sequential (3×3) con-
volutional layers, resulting in new feature maps bkf,t of dimen-
sion Cb (set to the same value as the dimension of the ker-
nels). Then, a fully connected layer is applied to the result-
ant feature vector at every spatial position, which regresses the
four target parameters. The weights of all of these layers are
shared between different scales. Whereas for most spatial posi-
tions, the regressed bounding box parameters are irrelevant, the
Bbox Estimation Head is trained to predict meaningful bound-
ing boxes at spatial positions corresponding to instance centres
(cf. Section 4.5). Consequently, when kernels are generated for
thing instances in the way described above, for every such in-
stance, the centre and scale at which it is detected are known;
the corresponding bounding box can be easily sampled from
the output of the Bbox Estimation Head at the same position
and at the same scale. Similarly to (Tian et al., 2019) and (Ge
et al., 2021), this approach is anchor-free and does not require
any region proposal network.

As mentioned earlier, kernels extracted at different scales are
merged based on the spatial position of the instance they rep-
resent. Specifically, we perform a non-maximum suppression
on overlapping bounding boxes (we use a threshold on the IoU
of 0.5), keeping the bounding boxes with the highest confid-
ence for the corresponding centre prediction. Analogously, we
only keep the kernels corresponding to the remaining bound-
ing boxes and discard all others. As a result, for every kernel
Kth

t,i, and thus, for every instance i at time t, a corresponding
bounding box BBt,i is available.

The mask generation process for a thing instance i is also based
on a convolution of the output of the Feature Extractor with
Kth

t,i. However, the mask is initialized by zeroes, and the convo-
lution is only applied to the window identified by BBt,i, thus
constraining the potential extents of the instance geometrically
in a way that was learned from training data. This approach is
not specific for VPS, but can be applied to any PS method re-
lying on similar principles; in our experiments, it will thus also
be evaluated for mono-temporal PS.

4.4 Association

In this final step of VPS, the list Dt of instances extracted at
the current timestep t is to be matched with the list of instances
Tt−1 from the previous timestep t − 1 to identify which of the
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new instances are already available in the original list, thus al-
lowing to track instances over time. Let us assume that the list
of tracked instances Tt−1 consists of Kth

t−1 instances, each in-
stance n being represented by its mask Mth

t−1,n, kernel Kth
t−1,n,

class label cn, and identifier IDn:

Tt−1 = {(Mth
t−1,n,Kth

t−1,n, cn, IDn) | n ∈ [1 . . .Kth
t−1]}. (2)

Similarly, the list Dt of instances detected at time t contains
Kth

t detected instances:

Dt = {(Mth
t,m,Kth

t,m, cm) | m ∈ [1 . . .Kth
t ]}. (3)

Thus, for an instance m in Dt, no unique instance identifier
IDm is defined yet. The goal of the association blocks is to
identify matches between instances from both lists, in order
to be able to transfer the identifiers from instances in Tt−1 to
matching instances in Dt. This process has to consider that
some instances from either set may have no correspondence in
the other one, because instances may move in or out of view
between epochs t − 1 and t. In order to achieve that goal, we
first have to determine a similarity score sn,m between all pairs
consisting of a tracked instance n and a detected instance m.
As usual in tracking approaches, it is useful to consider both
appearance and geometry in this context. Similarity of appear-
ance can be evaluated by the similarity of kernels for reasons
outlined in Section 4.3. As in our case, the association is to
be performed in image space, we abstain from using a physical
model of the object movement in order to obtain a geometrical
cue. Rather than that, and different from (Kim et al., 2020),
we use the optical flow Ot to represent the movement in image
space. This can be achieved by warping the mask Mth

t−1,n of
instance n in Tt−1 to the coordinate frame of the input at time t,
resulting in a warped map M̄th

t−1,n for that instance. Note that
if, according to the optical flow, the instance is outside the im-
age acquired at time t, the mask is not warped. The similarity
score is defined as follows:

sn,m = sim
(
Kth

t−1,n,Kth
t,m

)
+ IoU

(
M̄th

t−1,n,Mth
t,m

)
, (4)

where sim(·) returns the cosine similarity between the two ker-
nels associated with the two instances and IoU(·) represents the
intersection over union between the foreground areas identified
by the two masks. Thus, the first term evaluates the similarity of
appearance, whereas the second one considers the geometrical
aspects. The warped mask can be seen as the prediction of the
mask of an instance identified at epoch t − 1 for time t under
the motion encoded by the optical flow; if two instances repres-
ent the same object, there should be a large overlap between the
foreground areas indicated by the two masks.

Matching consists of linking pairs of instances from the two
lists such that the sum of the similarity scores becomes a max-
imum under the constraint that every instance may only be as-
signed to one match. We use a variant of the Jonker-Volgenant
algorithm (Crouse, 2016) for that purpose, which builds on the
Hungarian algorithm (Kuhn, 1955), and allows the two list to
be of different lengths. As it requires matching costs rather
than similarity scores, we determine a matching cost matrix
C ∈ RKth

t−1×Kth
t with elements cn,m = −sn,m and then find

the solution with the minimum matching costs. This algorithm
will establish a match for every element in the shorter of the
two lists. Thus, the list of matches may also contain wrong as-
sociations between tracked instances that are actually no longer
visible and new instances. To solve this issue, we discard es-

tablished matches with similarity scores below a threshold (we
use a value of 0.9 in our experiments). After that, we update the
list of tracked objects, yielding the final list Tt that is one of the
outputs of our method. Instances in Tt−1 for which no match
could be established are marked as being no longer visible. We
record the time step at which an instance is marked like this for
the first time; if an instance remains invisible for more than Ne

timesteps, it is discarded, otherwise the instance is still included
in Tt. Instances n in Tt−1 for which a match with an instance
m in Dt could be established are also included in Tt. In this
case, the mask, kernel and the class label are taken from the in-
stance m in Dt, while the instance ID will be IDn from Tt−1,
thus identifying the track to which this instance corresponds.
Finally, instances in Dt for which no match could be found in
Tt−1 will be added to Tt as new instances. In this case, the next
available new identifier is assigned to IDm of that instance.

The final output of VPS consists of the stuff masks and the up-
dated list of tracked instances Tt. For evaluation purposes, a
label image that encodes the class label and the instance ID in
a unique RGB value is also generated.

4.5 Training

In the training, we minimize a loss function L consisting of four
components:

L = λpos · Lpos + λseg ·
(
Lst

seg + Lth′
seg

)
+ λbb · Lbb , (5)

where the Position Head loss Lpos and the segmentation loss for
stuff classes Lst

seg were already used in (Li et al., 2021), while
Lth′

seg represents the depth-aware dice loss for thing instances
proposed in (Nguyen et al., 2024). The reader is referred to the
cited literature for further details. The fourth loss term, Lbb,
measures the agreement of the predicted bounding box with the
reference bounding box based on the IoU score and is taken
from (Ge et al., 2021). The reference bounding box of an in-
stance can be derived from its reference mask. The weights
λpos, λseg and λbb are hyperparameters. In general, we follow
the training procedure of (Nguyen et al., 2024). To integrate the
bounding box loss, that loss is evaluated in all available scales at
Nb positions sampled randomly in the vicinity of the reference
centre of every instance (we use Nb = 7).

5. Experimental Setup

5.1 Dataset

We use the Cityscapes-VPS dataset (Kim et al., 2020) for the
experimental validation of our method. This dataset was created
from 500 videos of the validation set of the Cityscapes dataset
(Cordts et al., 2016). Each video consists of 30 frames. For
each timestep, stereo images are available. Kim et al. (2020)
expanded the annotation for every 5th frame, yielding 6 annot-
ated frames per video. The dataset is divided into 400 videos
with 2400 images for training, 50 videos with 300 images for
validation, and 50 videos with 300 images for testing. As the la-
bels of the test set are not publicly available, similarly to other
authors, we use the validation set for testing. Thus, we will
refer to the validation set of Cityscapes-VPS as our test set. We
defined 50 videos of the training set to constitute our validation
set; this implies that our training set consisted of 350 videos
(2100 images) of the original training data.
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5.2 Experimental Protocol

In our experiments, we only use the stereo images for which
annotations are available, i.e., every fifth frame of the input
videos. This corresponds to a frame rate of 6 fps. As poin-
ted out in Section 4.1, we use (Lipson et al., 2021) to generate
a depth map from the stereo images and (Teed and Deng, 2020)
to compute the optical flow between consecutive reference im-
ages in the sequence. The pretrained models are provided by
(Lipson et al., 2021) and (Teed and Deng, 2020), respectively.
The input for our method consists of the (colour) reference im-
ages and the depth maps of two consecutive frames along with
the optical flow from the previous to the current frame. For the
first frame of every video (t = 0), the reference image and the
depth map of this frame are used as input twice (for the current
and the previous epoch) and the optical flow is set to zero for all
pixels, compensating for the fact that no information for the ac-
tual previous frame is available. The colour images, depth maps
and optical flow images all have a dimension of 1024 × 2048
pixels.

The hyperparameters of the modules adopted from (Nguyen et
al., 2024) are set to those of the original method, and we also
follow a similar training protocol. We first pre-train the method
for PS of (Nguyen et al., 2024) using the Cityscapes traning set
and use these parameter values to initialize the components of
our new method that are shared between the two methods; this
includes the parameters of the encoder processing the data from
timestep t− 1, because the two encoders share their parameters
(cf. Section 4.1). The parameters of the BBox Estimation Head
are initialized similarly to those of the Kernel Generator in (Li
et al., 2021), i.e., by random sampling from a normal distribu-
tion with (µ, σ) = (0, 0.01). The parameters of the temporal
fusion block for exchanging information between two consec-
utive frames are randomly initialized according to (He et al.,
2015). We use Stochastic Gradient Descent with a weight decay
of 10−4 and a momentum of 0.9 to minimize the loss defined
in Equation 5, following the protocol described in Section 4.5
for evaluating the loss Lbb for the BBox Estimation Head. The
weights of the loss terms are set to λpos = 1.0, λseg = 4.0
and λbb = 5.0. The learning rate is initially set to 0.0005 and
reduced by a factor of 0.9 after every 1000th iteration. The in-
put images and depth maps are normalized following (Nguyen
et al., 2024). We apply data augmentation by scaling the input
with factors randomly drawn from [0.5, 1.2], by random hori-
zontal flips with a probability of 0.5 and by random crops to
windows of size 512 × 1024 pixels. One minibatch consisting
of 10 patches of 512×1024 pixels each is fed to our network in
each training iteration. While the maximum number of training
iterations is set to 60,000, we use early stopping based on the
video panoptic quality (cf. Section 5.3) computed on the valid-
ation set and keep the set of network parameters achieving the
highest value on the validation set for testing. All experiments
are carried out on a Nvidia A100 GPU with 40 GB memory.

To put the performance of our method into context, we compare
our results to those of three methods from the literature: The
PS method we use as our baseline, extended by our association
procedure to lift this method to VPS (Nguyen et al., 2024), as
well as (Kim et al., 2020) and (Li et al., 2022). To enable a
fair comparison, we use variants of the listed methods that all
employ the same backbone in the encoder, namely Resnet50
(Lin et al., 2017). Note that the quantitative results reported
for (Kim et al., 2020) are taken from (Qiao et al., 2021), to
ensure an experimental setup consistent with the one we use

in the present paper. However, while we split the training set
of the Cityscapes-VPS dataset into a training and a validation
part (cf. Sec. 5.1), the methods taken from the literature use
the complete training set for optimizing the unknown network
parameters, not performing any separate validation.

5.3 Evaluation Protocol

We use the Video Panoptic Quality (VPQ) from (Kim et al.,
2020) as our main evaluation metric, which is an extension of
the Panoptic Quality (PQ) (Kirillov et al., 2019b) used for the
image-level evaluation. Unlike PQ, VPQ is computed on the
basis of all frames in a video:

V PQ =

∑
(Pr,Gt)∈TP IoU (Pr,Gt)

|TP |+ 1
2
· |FP |+ 1

2
· |FN |

, (6)

where Pr,Gt are a predicted and a ground truth mask found
to correspond to each other and thus correspond to the set of
true positives (TP ), and IoU (Pr,Gt) is the intersection over
union between these masks. The true positives, false positives
and false negatives are determined for every frame based on
(Kirillov et al., 2019b). |TP | is the number of TP s; the fact
that a mask is considered to be a TP implies that IoU > 0.5.
|FP | and |FN | are the numbers of false positive and false neg-
ative pairs, respectively. In our experiments, we also present
V PQth and V PQst, which give the VPQ quality specifically
for thing and stuff classes. More details about V PQ, V PQth

and V PQst can be found in (Kim et al., 2020). This metric
can also be determined as a function of the length T of a video,
yielding values V PQT . Specifically, we adopt the procedure
of Kim et al. (2020) and report such values for T = 0, 1, 2, 3,
corresponding to videos with 1, 2, 3, 4 frames, respectively.

6. Results and Discussion

6.1 Results and Comparison to Other Methods

Table 1 shows the VPQ metrics obtained by our method and
by the baseline methods introduced in Section 5.2. Our method
achieves a V PQT=0 of 64.3% for PS and a V PQT=3 of 51.9%
for VPS if four consecutive frames are considered in the eval-
uation. It outperforms (Nguyen et al., 2024), which it extends,
by a margin of 1% in the PS setting (T = 0) and by 1.7% for
T = 3. The improvement is mainly due to an improved per-
formance for thing classes, as indicated by V PQth: in the PS
setting (T = 0), this metric is improved by 3.3%, while for
T = 3, the improvement in V PQth

T=3 is 4.3%. The improve-
ment for T = 0 is due to the prediction of bounding boxes
and their consideration when computing binary segmentation
masks. This improvement is directly propagated to the VPQ,
because only correctly detected instances can be correctly asso-
ciated in the second step.

Compared to the other methods from the literature, our res-
ults are slightly worse than those reported in the cited papers,
though one has to take into account that we use a smaller dataset
for the actual determination of the unknown network paramet-
ers due to considering a subset of them for validation. In the
PS setting, the best method is (Li et al., 2022), with a margin
of 1.3% in VPQ, mainly due to a better segmentation for stuff.
However, the margin in VPQ becomes smaller with increasing
length of the sequence used for evaluation, and for T > 1, our
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Method T = 0 T = 1 T = 2 T = 3 avg

(Kim et al., 2020) 65.0/59.0/69.4 57.6/45.1/66.7 54.4/39.2/65.6 52.8/35.8/65.3 57.5/44.8/66.7

(Li et al., 2022)
with Resnet50 backbone 65.6/57.4/71.5 57.7/43.4/68.2 54.2/36.5/67.1 52.3/33.1/66.3 57.5/42.6/68.3

(Nguyen et al., 2024)
with our association 63.3/54.1/70.0 54.9/38.0/67.2 52.4/34.1/65.7 50.2/30.0/64.8 55.2/39.5/66.9

Ours 64.3/57.4/69.4 56.4/42.6/66.4 53.6/37.7/65.2 51.9/34.3/64.7 56.6/43.0/66.4

Table 1. Evaluation of the results of our method for VPS and comparison to methods from the literature. The reported metrics are
V PQ / V PQth / V PQst, i.e., the VPQ for all classes, for thing classes, and for stuff classes, all computed on our test set; all metrics

are given in [%]. T refers to the length of the considered sequence, with T = 0 being equivalent to PS.

method achieves a better VPQ for the thing classes (e.g. +1.2%
in V PQth

T=3). This indicates that our combined association ap-
proach, considering appearance and optical flow information,
stabilizes the linking of thing instances for longer image se-
quences, compared to a purely appearance-based association.
Compared to (Kim et al., 2020), our VPQ is worse by 0.7%
in the PS setting, mainly due to a worse performance for thing
classes, yielding a value for V PQth

T=0 that is 2.3% larger than
the one achieved by our method. This difference indicates that
the temporal fusion performed in the encoders of both methods,
theirs and ours, has a different effect: whereas it leads to a sig-
nificant improvement in (Kim et al., 2020), our ablation studies
show that it even had a slightly negative effect (cf. Section 6.2
and Table 2). In this context it might be important to mention
that T = 0 only refers to the length of the sequence that is con-
sidered when evaluating the VPQ (cf. Eq. 6); for frames t > 0,
the previous frame is still considered when computing the PS
masks, i.e., the temporal fusion block also affects the results for
T = 0. In the case T = 3, the margin between our method
and (Kim et al., 2020) in the quality metrics for thing classes
becomes larger, indicated by a difference in V PQth

T=3 of 1.5%.
However, in general our method achieves results at a similar
level as the state of the art.

6.2 Ablation Studies

In this section, we present experiments to analyse the effect of
the individual main novelties of our method. For this purpose,
we evaluate six different variants of our method (V0 - V5, cf.
Table 2), leaving out individual components; V5 corresponds to
our complete method. Specifically, we investigate the influence
of the following components: the temporal fusion in the en-
coder (F), the bounding box-based extension of the employed
kernel-based PS method (BB), the appearance-based associ-
ation (T K) and the proposed association based on optical flow
(T M).

Discarding the fusion block (variant V1), shows slightly bet-
ter result than our complete method, for the single frame case
V PQT=0 as well as for the sequence case V PQT>0. While
this block improved the panoptic and video panoptic quality
significantly in (Kim et al., 2020), it apparently does not show
its potential within our architecture. We assume that some aux-
iliary loss function directly focusing on the optimization of this
block may help to overcome this limitation, and we will in-
vestigate this direction in future work. In contrast, discarding
our bounding box-based extension (variant V2) leads to a clear
deterioration of the VPQ, in particular for V PQth, for all in-
vestigated lengths of sequences. This emphasizes the import-
ance of considering geometric information in the segmentation
of thing instances and is also illustrated in Figure 4. In vari-

ant V3, our optical flow-based association is discarded, limiting
the linking of thing instances across frames to solely using ap-
pearance information. Compared to our complete method, V3
shows clearly worse results, in particular, for thing classes in
the sequence case V PQth

T>0, where it comes to an increased
number of incorrect associations of thing instances, so-called
ID switches, across frames (cf. Fig. 4). The results for the
single frame case (T = 0) are identical, as this case is equi-
valent to a PS, with association having no impact on the eval-
uation. For variant V4, we discard the appearance-based as-
sociation and link thing instances solely based on the optical
flow-based motion information. This leads to similar effects
as observed for V3, but with a smaller difference to our com-
plete method. Comparing the results of V3 and V4 to those of
our complete method (V5), it becomes evident that a combined
association approach, considering appearance and motion in-
formation, works best.

7. Conclusion

In this paper, we present a new online VPS method, focusing
on two key aspects: (i) the consideration of geometric inform-
ation in the computation of segmentation masks for thing in-
stances using predicted bounding boxes and (ii) the consider-
ation of optical flow-based motion information in the associ-
ation step. Comprehensive experiments on the Cityscapes-VPS
dataset have shown that expanding (Nguyen et al., 2024) based
on bounding boxes leads to a clear improvement in the PS of
thing classes by 3.3%. Together with our optical flow-based
extension in the association step, an overall improvement of
3.5% in the average VPS for the thing classes is achieved, com-
pared to that baseline. These results emphasize the importance
of considering spatial information in both steps, the panoptic
segmentation and the association. Compared to other methods
from the state of the art, our method obtains slightly worse res-
ults, though this might be attributed to the fact that we used a
smaller dataset for parameter determination, sparing a subset of
the available training data for validation.

It has to be noted that the model we used in the encoder to fuse
feature information across frames using the optical flow does
not yield noticeable improvements. We will further analyze this
limitation and explore more effective strategies for integrating
information from previous frames in future work. Lastly, we
currently use depth and optical flow information separately; in
future work, we will combine both into scene flow, allowing us
to model the movement of thing instance in 3D object space,
opening up exciting new research directions.
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BB F T K T M T = 0 T = 1 T = 2 T = 3 avg
V0 ✓ ✓ 63.3/54.1/70.0 54.9/38.0/67.2 52.4/34.1/65.7 50.2/30.0/64.8 55.2/39.5/66.9

V1 ✓ ✓ ✓ 64.6/57.6/69.7 56.8/43.4/66.6 53.9/38.2/65.4 52.0/34.6/64.6 56.8/43.4/66.6

V2 ✓ ✓ ✓ 63.2/54.7/69.4 54.8/38.4/66.7 52.7/35.4/65.3 50.1/31.4/64.5 55.2/40.0/66.5

V3 ✓ ✓ ✓ 64.3/57.4/69.4 54.6/37.9/66.4 50.8/31.1/65.2 48.8/27.0/64.7 54.6/38.4/66.4

V4 ✓ ✓ ✓ 64.3/57.4/69.4 56.0/41.8/66.4 52.9/36.1/65.2 50.9/31.9/64.7 56.0/41.8/66.4

V5 ✓ ✓ ✓ ✓ 64.3/57.4/69.4 56.4/42.6/66.4 53.6/37.7/65.2 51.9/34.3/64.7 56.6/43.0/66.4

Table 2. Ablation studies on different variants of our proposed method. The reported metrics are V PQ / V PQth / V PQst, i.e., the
VPQ for all classes, for thing classes, and for stuff classes, all computed on our test set; all metrics are given in [%]. T refers to the
length of the considered sequence, with T = 0 being equivalent to PS. The different modules refer to: the temporal fusion in the

encoder (F ), the bounding box-based extension of the employed kernel-based PS method (BB), the appearance-based association
(T K) and the proposed association based on optical flow (T M).

ID-switch

ID-switch

miss-segmentation

Baseline with our association

Variant V3 (w/o motion information in association)

Our full model

t = 0 t = 1 t = 2

Figure 4. Exemplary results to illustrate the effect of our main contributions, produced by the approach we used as basis for our
method (first row, variant V0, cf. Tab. 2), our method without considering our optical flow-based instance association (second row,
variant V3) and our complete method (bottom row, variant V5). The instances are supposed to remain a consistent identity across

frames, indicated by their colour. t refers to the timestamp of the respective image.
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