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Abstract. In this work, we study amodal video instance segmentation
for automated driving. Previous works perform amodal video instance
segmentation relying on methods trained on entirely labeled video data
with techniques borrowed from standard video instance segmentation.
Such amodally labeled video data is difficult and expensive to obtain
and the resulting methods suffer from a trade-off between instance seg-
mentation and tracking performance. To largely solve this issue, we pro-
pose to study the application of foundation models for this task. More
precisely, we exploit the extensive knowledge of the Segment Anything
Model (SAM), while fine-tuning it to the amodal instance segmentation
task. Given an initial video instance segmentation, we sample points
from the visible masks to prompt our amodal SAM. We use a point mem-
ory to store those points. If a previously observed instance is not pre-
dicted in a following frame, we retrieve its most recent points from the
point memory and use a point tracking method to follow those points
to the current frame, together with the corresponding last amodal in-
stance mask. This way, while basing our method on an amodal instance
segmentation, we nevertheless obtain video-level amodal instance seg-
mentation results. Our resulting S-AModal method achieves state-of-the-
art results in amodal video instance segmentation while resolving the
need for amodal video-based labels. Code for S-AModal is available at
https://github.com/ifnspaml/S-AModal.

1 Introduction

For safe automated driving, environment perception is required to perform at
least on par with human drivers [15]. Recently, foundation models for environ-
ment perception have been introduced. Such models have been trained on a
broad amount of data to perform their respective perception task on a wide
range of data showcasing impressive zero-shot generalizability. A famous exam-
ple for such foundation models is the Segment Anything Model (SAM) [25] which
can be prompted via points, bounding boxes, or text, to segment instances in a
zero-shot fashion in a wide range of images. In contrast to this type of percep-
tion, one important human ability is amodal perception allowing us to perceive
the full shape of occluded objects. This ability is typically not found in machine
learning perception methods, and, even worse, performance drastically drops

https://github.com/ifnspaml/S-AModal
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Fig. 1: In a video sequence, when an instance is (partially) visible (time step t−1), we
extract points (green arrow) from the predicted instance mask to prompt an amodal
SAM method to generate an amodal mask (yellow). The corresponding points are stored,
and if the instance is not visible (time step t), we track the previous points to the next
frame (t), transferring the previous amodal mask to the next frame (yellow, purple
arrow). Once the instance reappears (time step t + 1), we prompt the amodal SAM
method again (green arrow).

when confronted with occlusions. However, handling occlusions is of high impor-
tance for safety in automated driving. Without a safe treatment of occlusions,
one risks fatal accidents of the automated vehicle affecting both vehicle occu-
pants and other traffic participants. Amodal segmentation methods offer a way
to do this by segmenting not only what is visible, but the full shape of objects
in a scene, thus, providing information about what is currently occluded. While
there exist many methods working towards amodal segmentation on single im-
ages — and excelling at it [1–3, 16, 23, 29, 34], they are limited in the occlusion
types they can resolve: Only partial occlusions can be identified and segmented
on a single image basis. For occlusions that arise temporarily leading to almost
no visible object parts or even to a totally occluded object, amodal segmentation
methods working on a single image basis cannot rely on sufficient information.
Here, recent new approaches have been introduced and investigated on the task
of amodal video instance segmentation (VIS) [5, 50]. Amodal VIS builds upon
the terminology of standard (visible) VIS and aims to track and segment the
full shape on an instance throughout all frames of a video. Recent approaches
have leveraged a full end-to-end training of amodal VIS [5], or investigated a
self-supervised training approach based on the results of a VIS method on the
considered data [50]. In contrast, our proposed S-AModal method relies during
training on image-level amodal labels to fine-tune a foundation model to the task
of (image-based) amodal segmentation. We build upon the highly generalizing
pre-trained SAM [25] using an adaptive fine-tuning approach to facilitate the pre-
diction of amodal masks. To extend this to videos, during inference a pre-trained
VIS method provides point prompts for our amodal SAM method. Additionally,
we exploit a point tracking method to provide point prompts for occluded in-
stances by relying on a point memory to store points of previously observed
instances. This high-level operation of our S-AModal method is illustrated in
Figure 1. Whenever an instance is at least partially visible and predicted by the
VIS method (yellow, left and right images in Figure 1, time instants t−1, t+1),



Foundation Models for Amodal VIS in Automated Driving 3

we extract points from the visible mask to prompt the SAM method fine-tuned
on amodal data (highlighted by a green arrow). In Figure 1 one example point
prompt is visualized by the green arrow and cross. If a previously predicted in-
stance is not predicted for the current frame (purple, middle image of Figure 1),
we apply a point tracking method to track the previous (t− 1) point prompt to
the current frame t, and we move the amodal mask along the point trajectory.
A reappearing instance is identified by the VIS method, so in this case the SAM
method can again be prompted. Our amodal VIS method based on these foun-
dation models is able to perform state-of-the-art amodal VIS without relying on
amodal VIS labels in training.

Our contributions are as follows: First, we provide a fine-tuning strategy
to leverage SAM for amodal segmentation. Second, we show that our proposed
S-AModal method achieves state-of-the-art results in image-level amodal seg-
mentation. Third, we are the first to apply such a foundation model to the task
of amodal VIS, again achieving state-of-the-art results in this task. The remain-
der of this work is structured as follows: In Section 2, we review the related work
w.r.t. SAM [25], point tracking, and amodal segmentation. Section 3 describes our
proposed method in detail. In Section 4, we describe the experimental setup and
report our results in Section 5. Finally, we conclude with Section 6.

2 Related Work

Here, we review works related to SAM, point tracking, and amodal segmentation.
Segment Anything Model (SAM) [25] was first introduced as a foundation
model that solves the task of promptable segmentation. It can be prompted using
text, bounding boxes or points to produce a segmentation mask accordingly.
SAM has been trained on an extensive amount of data to perform promptable
segmentation in a zero-shot manner on many different types of images.

Adapters have been proposed to allow SAM to, e.g., work well on high-quality
images [24, 47], or, in general, on underperformed scenes [7, 40, 45, 46]. The
adapters follow fine-tuning strategies, so only the decoder and the prompt en-
coder [40] or added adapter layers of the encoder [7] have to be fine-tuned. Most
related work about fine-tuning SAM is related to underperformed scenes, e.g., in
the medical field [7,40,45]. In contrast, we investigate SAM not only on a different
image domain, but also tailor it to the new task of amodal segmentation.

Additionally, strategies have been proposed to extend the SAM capabilities to
video sequences [36]. Rajic et al. [36] perform video segmentation by applying
a point tracking method to points of a query mask in the first frame to track
it through an entire video sequence, Yang et al. [49] use SAM to improve the
segmentation of a VIS method. Cheng et al. [8] extend SAM to track objects via
text prompts. Recently, SAM 2 [37], the successor of SAM, has been introduced
adding video segmentation capabilities to SAM. In this work, we build upon the
benefits of the above by following a combination of SAM with VIS methods to
perform the tracking and segmentation task. However, to resolve occlusions, we
additionally add a point tracking method to identify points for occluded masks.
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Point Tracking has first been introduced and defined by Doersch et al. [11],
naming it the “tracking any point” (TAP) task. This task focuses on predicting
the pixel positions of a given point in all subsequent frames of a video sequence,
as well as identifying its occlusion state. Harley et al. [19] develop PIPs, one of
the initial methods for the TAP task. Although PIPS can trace points through
temporal occlusions lasting up to eight frames, it cannot account for the occlu-
sion state of the points themselves [19]. Doersch et al. [11] address this limitation
by introducing the TAP-Vid benchmark consisting of labelled real and synthetic
data for the TAP task, enabling the end-to-end point tracking model TAP-Net.
The TAPIR method [12] combines the advantages of both TAP-Net and PIPs. An-
other enhancement is the PIPs++ method by Zheng et al. [51]. It extends PIPs for
improved long-term tracking. All the methods described above focus on tracking
points independently, neglecting any potential correlations between them. Con-
versely, OmniMotion [44] aims to achieve globally consistent motion by optimizing
volumetric representations for individual videos. Similarly, CoTracker [22] tracks
points jointly without relying on specific per-video optimization. In this work, we
employ a point tracking method to identify the location of points belonging to
an occluded instance which is precisely what all aforementioned methods excel
in. While any point tracking method can be used for our purpose, we choose to
apply the CoTracker method [22] due to its performance and ease of use.

Amodal Segmentation describes the task of segmenting the full shape of an
object even in the presence of occlusions. First methods investigate predicting
an amodal mask given the visible mask and the input image [26, 52]. This has
been extended to instance segmentation methods predicting the amodal instead
of the visible mask directly from the input image [16,21,29,32,34,38,42]. Amodal
semantic segmentation methods apply grouping and multi-task training to look
behind occlusions [4,6,33]. Recently, amodal video instance segmentation (VIS)
has been investigated more extensively, considering both end-to-end supervised
training of VIS [5], and self-supervised approaches based on the visible masks
[50]. While the end-to-end approach requires amodal video labels which are
expensive and difficult to obtain, the self-supervised approach requires visible
masks to be predicted. In this sense, our approach is closest to the self-supervised
approach, termed SAVOS [50], as we strive towards amodal VIS without relying on
video-based labels. SAVOS takes as input the images, the visible instance masks
and the optical flow between two frames. In contrast, we build our method on top
of an image-based amodal segmentation method, where datasets for training are
available. We rely on point tracking methods to track points of instances through
the sequence which diminishes the need for optical flow. Moreover, while SAVOS
makes its prediction in an offline fashion, i.e., based on the entire video, our
proposed method can operate in an online fashion.

One challenge in amodal segmentation is the availability of real datasets, as
amodal labeling of real data is associated with high costs, especially for videos.
However, on image level, many datasets are available: The KINS dataset [34]
based on the KITTI dataset [17], the COCOA dataset [52] based on COCO [28],
D2S [16], KITTI-360-APS [31] based on KITTI-360 [27], and Amodal Cityscapes
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Fig. 2: Overview of our S-AModal method: Given an input frame xt, it predicts amodal
instance segmentation masks (at,n)n∈Nt

. First, a VIS method provides visible instance
masks (mt,n)n∈Nvis

t
, from which we extract points (pt,n)n∈Nvis

t
.These points prompt

our amodal SAM method to produce amodal instance masks (at,n)n∈Nvis
t

. Points
are stored to track for occlusions, helping to update previous masks (at−1,n)n∈Nvis

t−1

to (at,n)n∈N inv
t

. Final amodal masks per frame (at,n)n∈Nt
combine (at,n)n∈N inv

t
and

(at,n)n∈Nvis
t

. We denote delay units by “T”.

[4] based on Cityscapes [9]. For videos, two large-scale synthetic video datasets
with amodal video-level labels exist: SAIL-VOS [21] is a synthetic dataset col-
lected in the GTA V game. AmodalSynthDrive [39] is another synthetic dataset
of automated driving sequences collected in the CARLA engine [14]. Addition-
ally, on real data, Yao et al. [50] match amodal annotations of the KINS dataset
with videos of KITTI to obtain amodal annotations on single frames of the
videos, termed KINS-car. Note that in contrast to the synthetic datasets, for
KINS-car no full video annotations are available. As we are interested in amodal
video instance segmentation for automated driving, we investigate the perfor-
mance of our method on AmodalSynthDrive and KINS-car. This way, we obtain
evaluation results on videos. For training, only image annotations are needed.

3 Proposed S-AModal Method

Our proposed S-AModal method performs amodal VIS based on point-prompting
a fine-tuned SAM network which we term amodal SAM faSAM. We consider a video
as sequence of frames xt ∈ [0, 1]H×W×C for t ∈ T = {1, . . . , T} with T being
the video length. The overall method is depicted in Figure 2. We apply a stan-
dard online VIS method fVIS to the input frame xt to obtain the corresponding
visible segmentation masks fVIS(xt) = (mt,n)n∈Nvis

t
∈ {0, 1}H×W×Nt for all in-

stances n ∈ N vis
t = {1, . . . , Nvis

t } with Nvis
t being the number of instances visible

in frame t. The total number of visible and occluded instances in frame t is de-
noted as Nt = Nvis

t +N inv
t , and the total number of instances per video sequence

is accordingly denoted as N . We define a point selected from the instance seg-
mentation mt,n as pt,n,k ∈ {1, ...,H · W}, i.e., a pixel index where the visible
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Fig. 3: Schematic view of a video sequence xt−1,xt,xt+1 and an instance n which is
partially visible at t− 1 at t+1, but fully occluded at t. For frames xt−1 and xt+1, the
points pt−1,n,k and pt+1,n,k of the predicted visible instance masks mt−1,n and mt+1,n,
are used to prompt the amodal SAM model to obtain at−1,n and at+1,n, respectively.
For frame xt, we apply point tracking to obtain the predicted point p̂t,n,k and shift the
amodal mask along this trajectory to ât,n.

instance mask is predicted. From each instance segmentation mt,n, we extract a
point K-tuple (henceforth referred to as points) pt,n = (pt,n,k) ∈ {1, ...,H ·W}K
with K being the number of points used to prompt the amodal SAM method
faSAM. The amodal SAM method then provides the amodal instance segmen-
tation faSAM(xt,pt,n) = at,n ∈ {0, 1}H×W , n ∈ N vis

t . Note that both, point
extraction and prompting of amodal SAM, are done for all visible instances with
index n ∈ N vis

t . Additionally, we store the extracted points pt,n in a point mem-
ory, which we access for each frame to check for instances n ∈ Nt that are not
visible (“memory check” in Figure 2). We term this subset of fully occluded (i.e.,
invisible) instances at frame t as N inv

t . The point memory contains all previously
observed point K-tuples per previously observed instance, i.e., (pτ,n)τ∈Tt,n∈Nτ

where Tt = {1, . . . , t}, and t being the current frame index. At frame t, a memory
retrieval checks whether any points in the K-tuple pt−1,n are contained in the
memory, for which the corresponding instance n has not been predicted by the
VIS method fVIS for frame t, i.e., n ∈ N inv

t . A point tracking method fpt then
tracks the as occluded identified instance points (pt−1,n)n∈N inv

t
, towards the cur-

rent frame xt, to obtain predicted points fpt(xt, (pt−1,n)n∈N inv
t

) = (p̂t,n)n∈N inv
t

.
Let’s look into details: Given a point pt−1,n,k ∈ {1, ...,H · W} correspond-

ing to the 2D pixel position (ht−1,n, wt−1,n), with ht−1,n ∈ {1, . . . ,H}, wt−1,n ∈
{1, . . . ,W}, the goal of the point tracking method is to determine the pixel
position of that point at the next time step t. Moreover, a binary occlusion
score ot,n,k ∈ {0, 1} predicts whether the point is actually visible or occluded by
another object. Similar to the optical flow, these pixel positions can be repre-
sented as 2D (∆ht−1,n, ∆wt−1,n) displacement vectors at time step t− 1, where
∆ht−1,n ∈ R describes the vertical offset with respect to the source position and
∆wt−1,n ∈ R represents the horizontal offset. In summary, for each point pt−1,n,k

that should be tracked, a point tracking method fpt predicts the point p̂t,n,k ac-
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cording to fpt(xt, (pt−1,n)) = (p̂t,n, ) and the occlusion score ot,n,k. From the
predicted point p̂t,n,k, we calculate vertical offset ∆ht−1,n and the horizontal
offset ∆wt−1,n, which we then use to shift the amodal mask at−1,n to time step
t, i.e., at,n. This way we obtain a trajectory from the point pt−1,n,k, n ∈ N inv

t ,
to its position in the next frame, i.e., p̂t,n,k.

Figure 3 shows this for a schematic example of an occluded person. In image
frame xt−1, the person is partially visible and amodal SAM faSAM is prompted
using a point pt−1,n,k (green) from the visible mask mt−1,n (orange) to obtain
the full amodal mask for instance n, i.e., faSAM(xt−1, pt−1,n,k) = at−1,n. Using
a VIS method for tracking and segmentation allows identifying a fully occluded
instance as a missing segmentation mask in the output. As this instance n is
no longer visible in frame xt, we use a point tracking method fpt to predict the
location of pt−1,n,k in xt, i.e., obtaining fpt(xt, pt−1,n,k) = p̂t,n,k (illustrated in
pink in Figure 3). This gives a trajectory as visualized by pink arrows in Figure
3. The amodal mask is moved along this trajectory to obtain the amodal mask
ât,n. If the number of points in the K-tuple is K > 1, we obtain a trajectory per
point from the point tracking method.

We use the predicted points (p̂t,n)n∈N inv
t

to shift the corresponding previously
observed amodal instance masks (ât−1,n)n∈N inv

t
to the current frame xt along

the trajectory, and obtain the amodal masks for instances that were not detected
by the VIS method in frame xt, i.e., (ât,n)n∈N inv

t
. The simple shifting operation

translates the previous amodal mask at−1,n to the current frame by adding the
displacement from the previous point pt−1,n,k to the predicted point p̂t,n,k to
all coordinates of the amodal mask at−1,n. Note that if K > 1, we calculate
the displacement as the average of the predicted points. Combining the amodal
masks from the point tracking branch (ât,n)n∈N inv

t
and the amodal SAM branch

(ât,n)n∈Nvis
t

gives the full set of amodal instance masks for frame xt, (ât,n)n∈Nt
.

Our approach is independent of the choice of the VIS method fVIS and of
the point tracking method fpt, so any method in these fields can be chosen. Our
amodal SAM is fine-tuned on the amodal ground truth on images. For fine-tuning
SAM on amodal data, we follow the approach of Chen et al. [7], keeping the image
encoder fixed, while we add additional adapter layers to the image encoder and
fine-tune the decoder. In addition, we keep the fixed prompt encoder to insert
point prompts into the network, see more details in the Supplementary Sec. A.

4 Experimental Setup

We consider two datasets: AmodalSynthDrive DASD [39] and KINS-car DKcar
[50]. As DASD only provides training (Dtrain

ASD ) and validation (Dval
ASD) data with

ground-truth annotations, we report results on the validation set. For DKcar, in
addition to training (Dtrain

Kcar) and validation (Dval
Kcar) data, labeled test data Dtest

Kcar
exists on which our results are reported. Both are video-based datasets, while
DKcar only provides an image-based ground truth and no tracking information.

On image level, we report mean intersection over union (mIoU), average
precision (AP), and AP50 according to the COCO evaluation [28]. Additionally,
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we report derivatives of these metrics for small, medium, and large objects as
well as partial and heavy occlusions following standards in literature [5, 21,28].

On video level, we report video average precision (vAP) and its derivatives
metrics following the SAIL-VOS dataset benchmark [21], and Breitenstein et
al. [5]. Definitions are recapitulated in the Supplementary Sec. B. Note that for
our proposed method, the instance class prediction is simply derived from the
underlying VIS method. Hence, all our metrics are reported in a class-agnostic
setting. The quality of class prediction is not influenced by the investigated
methods and gives no indication about their performance. In this setting, class
predictions do not influence whether a prediction is defined as true positive, false
positive or false negative, instead, this decision is only based on the IoU between
predicted and ground-truth mask.

We compare our results with SAVOS [50], which is closest to our method as it
also does not require amodal video-based labels during training. SAVOS performs
self-supervised amodal VIS on top of a visible instance segmentation. It is trained
without amodal labels using optical flow and the visible instance masks. We train
SAVOS [50] following the original setting on both datasets.

On DKcar, we use PointTrack (PT) [48] as VIS method with the same check-
point as SAVOS [50]. For DASD, we choose GenVIS [20], one of the current top VIS
methods. We train GenVIS on Dtrain

ASD using the full image resolution. It achieves
an AP of 30.38%, an AP50 of 43.83%, a vAP of 16.36% and a vAP50 of 23.13%
on Dval

ASD. Detailed results are reported in Supplementary Sec. C. We also replace
the VIS method in Figure 2 by the ground truth (GT) to cancel out the VIS
performance, giving the methods access to the ground-truth visible masks.

To obtain our amodal SAM faSAM, SAM with the added adapters is fine-tuned
on the training data of both datasets using a batchsize of 1 on one NVidia A100
GPU for 20 epochs. Due to memory constraints, we use the vision transformer
ViT-B backbone [13] with pre-trained weights as provided by the original SAM
codebase [25]. We use the AdamW optimizer and a start learning rate of 0.00001.
The learning rate is multiplied by 0.1 every 10 epochs. As loss function, we use a
combination of focal loss and dice loss as is common for fine-tuning SAM [7,40,45].
We report results as mean across three inference runs. If not stated otherwise, we
prompt amodal SAM faSAM with K = 1 point. As point tracking method, we use
CoTracker [22] with the given checkpoints. No further fine-tuning is necessary.

5 Experiments and Discussion

Quantitative Results: First, we regard the amodal image-level results on both
datasets. Table 1 reports the results on the validation data of AmodalSynth-
Drive (Dval

ASD) and on the test data of KINS-car (Dtest
Kcar). We compare our results

against the SAVOS method [50]. We observe that our S-AModal method outper-
forms SAVOS on both datasets in almost all metrics. Especially, on Dtest

Kcar with
the PointTrack (PT) method [48], the average precision (AP) of S-AModal on
heavily occluded objects (APH

50), S-AModal (35.08%) excels the SAVOS result
(30.72%) by 4.36% absolute. We observe similar performance improvements on
Dval

ASD using the VIS method GenVIS [20]: S-AModal leads to better performance
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Data Method VIS AP AP50 APP
50 APH

50 APL
50 APM

50 APS
50

Dval
ASD

SAVOS [50] GV 7.41 13.19 16.13 2.34 12.52 16.24 6.91

S-AModal (ours) GV 21.59 35.00 38.50 10.43 66.71 50.23 14.75

SAVOS [50] GT 50.89 76.26 81.89 41.92 91.49 84.21 41.62

S-AModal (ours) GT 46.91 73.86 80.85 43.79 97.15 82.41 60.13

Dtest
Kcar

SAVOS [50] PT 40.50 61.80 77.89 30.72 96.38 89.83 39.38

S-AModal (ours) PT 41.08 74.28 78.23 35.08 97.40 85.25 57.13

Table 1: Amodal image-level instance segmentation metrics on Dval
ASD and on Dtest

Kcar
using GenVIS (GV) [20], the ground-truth visible masks (GT), and PointTrack (PT) [48]
as VIS methods, respectively. Best results in bold.

Data Method VIS vAP vAP50 vAPP
50 vAPH

50 vAPL
50 vAPM

50 vAPS
50

Dval
ASD

SAVOS [50] GV 1.27 3.95 12.46 0.16 7.56 0.16 0.43

S-AModal (ours) GV 2.96 6.03 13.44 0.63 27.91 4.12 1.64

SAVOS [50] GT 20.53 38.39 45.54 31.39 79.60 73.46 14.77
S-AModal (ours) GT 30.88 56.60 67.03 45.57 98.91 80.46 29.10

Table 2: Amodal video-level instance segmentation metrics on Dval
ASD using GenVIS

(GV) [20] and ground-truth visible masks (GT) as VIS methods. Best results in bold.

in comparison to SAVOS, even increasing AP by 14.18% absolute to 21.59% and
APH

50 by 21.81% absolute to 35.00%. We perform an additional experiment on
Dval

ASD, using the visible ground truth as VIS method. Table 1 shows the results:
Especially for heavy occlusions S-AModal increases APH

50 by 1.87% absolute to
43.79%. However, SAVOS achieves slightly better results on 4 out of the 7 metrics,
e.g., AP and AP50. This can be attributed to the differences in both methods
which gives SAVOS an advantage in this setting: SAVOS takes as input the image,
the visible mask and the optical flow to predict the full amodal mask. This means
that in the ground truth setting it can simply learn to just add amodal areas
beside the visible mask. In contrast, S-AModal only takes points of the visible
mask as input to predict the amodal mask, and hence, cannot leverage the full
mask-specific information, such as shape. However, the improvement in APH

50

shows that once amodal and visible mask become more different due to occlu-
sion, our proposed approach is better suited for this task. The higher robustness
of our approach for practical cases, where no ground truth (GT) is available, can
be seen in the first and the third row segment of Table 1.

Table 2 reports the video-level metrics of the proposed S-AModal method and
SAVOS [50] on Dval

ASD. Note that we cannot report video-level results for Dtest
Kcar

since video-level ground truth is not available. Using GenVIS, we see that results
on video level show the same tendency as on image level: S-AModal outperforms
SAVOS in all metrics, e.g., leading to an 1.69% absolute performance improve-
ment towards a vAP50 of 2.96%. The amodal VIS results of Table 2 are in line
with the VIS results of GenVIS and can be attributed to relatively low tracking
performance of the underlying VIS method. When using the ground truth as
input (lower segment in Table 2), S-AModal interestingly outperforms SAVOS in
all metrics, leading to an 14.18% absolute improvement in vAPH

50, showing that
S-AModal is better suited to handle heavy occlusions.
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Fig. 4: Qualitative results of the proposed S-AModal method for three sequences
xt+1
t−1 with overlayed colorized amodal predictions at+1

t−1 on AmodalSynthDrive Dval
ASD.

t− 3 t− 2

t− 1 t t+ 1

Fig. 5: Qualitative results of the proposed S-AModal method for a sequence xt+1
t−3

with overlayed colorized amodal predictions at+1
t−3 on AmodalSynthDrive Dval

ASD, illus-
trating a fully occluded person for a time span of 3 frames (t− 2, t− 1, t).

Qualitative Results: Figure 4 shows qualitative results of S-AModal for three
sequences xt+1

t−1 of the validation data of AmodalSynthDrive Dval
ASD. The amodal

predictions at+1
t−1 are overlayed over the image for visualization purposes. The

same color indicates the same identified instance. In all three videos, occluded
pedestrians are tracked through occlusions with plausible amodal masks showing
that our S-AModal method provides high-quality results in amodal VIS.

Figure 5 shows an example of S-AModal with a longer occlusion of a person
(yellow mask) behind a large tree spanning 3 frames (t− 2, t− 1, t). The amodal
mask of the last appearance at t−3 is shifted along the predicted point trajectory
to frames t−2, t−1, t. S-AModal is clearly able to follow the person throughout
this full occlusion until its reappearance in frame t+ 1.
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Fig. 6: Qualitative results of the SAVOS [50] (top) and the proposed S-AModal (bot-
tom) methods for a sequence xt+1

t−1 with yellow amodal predictions at+1
t−1 on Dtest

Kcar.

Number of Point Prompts
K = 1 K = 2 K = 3 K = 4

AP 46.91± 0.03 41.75± 0.03 35.47± 0.01 30.01± 0.13
AP50 73.86± 0.06 68.57± 0.21 61.20± 0.09 53.54± 0.27
APP

50 80.85± 0.08 76.45± 0.23 69.11± 0.14 62.34± 0.07
APH

50 43.79± 0.38 37.58± 0.61 28.36± 0.08 20.53± 0.11
APL

50 97.15± 0.53 97.71± 0.42 96.84± 0.15 95.94± 0.16
APM

50 82.41± 0.08 80.70± 0.62 72.56± 0.11 63.23± 0.51
APS

50 60.13± 0.42 51.39± 0.15 42.88± 0.11 34.95± 0.01

Table 3: Ablation: Amodal image-level instance segmentation metrics in AP and its
metric derivatives on Dval

ASD using the ground-truth visible masks (GT) as VIS method
and using different numbers of points K for prompting the amodal SAM network of
S-AModal. Best results in bold.

In Figure 6 we compare our proposed S-AModal method (bottom) with the
SAVOS method (top) on a sequence xt+1

t−1 of Dtest
Kcar. The quantitative performance

gain of S-AModal is reflected in these qualitative results as well. The visualized
amodal segmentation masks of the car (yellow) are seemingly more accurate
compared to the SAVOS results in handling the occlusion by the tree. Note that
the tracking quality of both methods is inherited from PointTrack [48]. When
the VIS method fails as in frame t− 1, SAVOS is not able to make a prediction.
Ablation: Amodal SAM is prompted using points as input. For all above exper-
iments the number of point prompts per instance was chosen as one. Table 3
shows the results of the proposed S-AModal on image-level using different num-
bers K of points to prompt the amodal SAM network. Surprisingly, using more
points does not lead to better performance. Using only K = 1 point leads to the
best performance overall, e.g., an AP of 46.91%. Only for large objects, APL

50 is
slightly higher (97.71%) when using K = 2 point prompts compared to K = 1.
However, when regarding the standard deviations, the slightly higher mean value
is not significant. Since our point prompts are randomly selected from the visible
mask, additional points may not provide additional information to amodal SAM.
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Point Selection Method
Random Saliency Erosion (default) Erosion (best)

AP 46.91± 0.03 36.84± 0.15 48.03± 0.18 49.21± 0.04
AP50 73.86± 0.06 58.16± 0.19 75.25± 0.10 76.26± 0.38
APP

50 80.85± 0.08 65.83± 0.28 82.30± 0.10 82.85± 0.07
APH

50 43.79± 0.38 22.87± 0.31 45.90± 0.25 47.84± 0.24
APL

50 97.15± 0.53 88.76± 0.53 97.65± 0.45 98.05± 0.11
APM

50 82.41± 0.08 69.15± 0.72 83.58± 0.50 85.61± 0.16
APS

50 60.13± 0.42 42.17± 0.08 62.17± 0.09 62.66± 0.43

Table 4: Ablation: Amodal image-level instance segmentation metrics in AP and its
metric derivatives on Dval

ASD using the ground-truth visible masks (GT) as VIS method
and using different point selection methods to prompt the amodal SAM network of
S-AModal. Best results in bold.

We also investigate different point selection methods. For our main results
in Tables 1, 2, we select points randomly from the visible mask. In Table 4,
we show results on image level when instead of selecting a random point, we
select the point with the highest saliency of the visible mask [10]. Moreover, we
show results when applying the erosion algorithm to the visible mask to ensure,
we do not sample our point prompt from the boarder regions of an instance.
We report results for erosion using two different kernel sizes: the default size of
3× 3 (default [43]) and the size 7× 7, which led to the best performance (best).
As can be seen by the results in Table 4, sampling the point with the highest
saliency does not lead to better results since it does not provide more informa-
tion to amodal SAM. However, ensuring through the erosion algorithm [43] that
we do not sample point prompts from boarder regions does lead to impressive
performance gains in all metrics, e.g., an AP performance improvement of 1.12%
absolute from random sampling to the sampling after default erosion (48.03%),
and even 2.30% absolute from random sampling to sampling after erosion us-
ing the kernel size 7 × 7 (49.21%). Note that this simple post-processing of the
visible segmentation masks leads to significant performance improvements while
only adding a small computational overhead, i.e., the application of erosion per
visible mask. The results in Table 4 support our hypothesis that point prompts
sampled from ambiguous boarder regions of an instance confuse the amodal SAM
method, resulting in failure cases as shown in Figure 8. This highlights the po-
tential of prompt engineering [10,18,30,35,41] for this task and opens up a new
research direction to design powerful prompts for amodal segmentation.
Additional qualitative results: Figure 7 shows additional qualitative results
of our proposed S-AModal on three videos of Dval

ASD. In Video 1, a person is heavily
occluded by the turning taxi. S-AModal recovers the shape reliably throughout
this occlusion. Video 2 shows in this case an occluded car. It vanishes behind a
white truck in frame t−1. In the middle frame t the car is completely occluded but
its position and shape are reasonably recovered by S-AModal. The reappearance
of the car in frame t + 1 is also challenging to segment amodally in this case
due to multi-layer occlusion of the car by the white van, another car and the
motorcyclist in front. In this complex scenario, S-AModal predicts a slightly too
large amodal mask for the car in frame t+ 1. In Video 3, a pedestrian vanishes



Foundation Models for Amodal VIS in Automated Driving 13

V
id

eo
1

V
id

eo
2

V
id

eo
3

V
id

eo
4

V
id

eo
5

t− 1 t t+ 1

Fig. 7: Qualitative results of the proposed S-AModal method for five sequences xt+1
t−1

with overlayed colorized amodal predictions at+1
t−1 on AmodalSynthDrive Dval

ASD.

behind a turning car. In frame t − 1, just part of the head is still visible. The
person is completely occluded in frame t ans reappears in frame t + 1. We see
that in both partial occlusions (t − 1, t + 1) only a small part of the person is
visible, and still S-AModal recovers the full shape of the person. In frame t, by
relying on point tracking, the full shape of the person is predicted behind the
car. Video 4 shows again a pedestrian fully occluded by a bypassing car. Also
in this case, S-AModal is able to recover the full occlusion in frame t. In Video
5, a pedestrian is heavily occluded by a bus stop. In frames t− 1, t+ 1, the feet
are partly visible and hence, we are able to prompt the amodal SAM method to
recover the full shape. In frame t, the pedestrian is not visible. Hence in this
case, point tracking allows us to predict the amodal mask in frame t.
Limitations: Figure 8 illustrates limitations of our method. In Video 1, a person
walks behind a tree and reappears. However, in frame t − 1, where the person
is partially visible, amodal SAM predicts a wrong mask due to similar textures of
person and car, which is then propagated to predict the amodal instance mask
in the total occlusion in frame t. In Video 2, a person is occluded by a pillar.
While the shape of the person is recovered in frames t − 1 and t + 1, the more
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Fig. 8: Failure Cases of the proposed S-AModal method for three sequences xt+1
t−1

with overlayed colorized amodal predictions at+1
t−1 on AmodalSynthDrive Dval

ASD.

challenging occlusion in frame t cannot be fully resolved: Only the upper body is
predicted. We attribute this mainly to two reasons: First, the occlusion in frame
t, where object parts are visible to the left and right of an occluder, is more often
seen for the typically wider vehicle classes whose full shape is similar to the one
recovered in frame t. Second, Video 2 is affected by challenging conditions like
heavy rain and low light. In Video 3, a pedestrian in frame t is heavily but not
fully occluded by a bypassing cyclist. In frames t− 1 and t+1, the pedestrian is
correctly segmented, however in frame t, only a very small part of the pedestrian
is visible behind the cyclist and S-AModal is prompted using a point close to the
cyclist. This leads to a confusion of the instances and the faulty segmentation of
the cyclist in frame t. Future work could address these limitations by developing
stronger prompts for amodal segmentation and adapting the newly published
SAM 2 [37] to this task to enhance prediction consistency.

6 Conclusions

In this work, we propose S-AModal for amodal video instance segmentation (VIS)
with a focus on automated driving. To our knowledge, this is the first work to
incorporate foundation models into the amodal segmentation task. We show that
it is possible to adapt the original SAM model to the prompted amodal instance
segmentation task using point prompts. Moreover, we show that incorporating
this model into a VIS pipeline leads to an amodal VIS method with state-of-
the-art (SOTA) performance while not relying on video-wise amodal VIS labels.
Additionally, by incorporating the recent advances in point tracking into our
pipeline, we are able to surpass limitations of previous amodal segmentation
methods on both image- and video-level metrics and are able to provide instance
masks also for temporal full occlusions of instances in the video sequence.
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