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Figure 1. We present Spotting the Unexpected (STU) a novel anomaly segmentation dataset for autonomous driving. The dataset contains
semantic and instance labels for out-of-distribution (OOD) objects, and includes surround-view setup with synchronized cameras.

Abstract

To operate safely, autonomous vehicles (AVs) need to detect
and handle unexpected objects or anomalies on the road.
While significant research exists for anomaly detection and
segmentation in 2D, research progress in 3D is underex-
plored. Existing datasets lack high-quality multimodal data
that are typically found in AVs. This paper presents a novel
dataset for anomaly segmentation in driving scenarios. To
the best of our knowledge, it is the first publicly avail-
able dataset focused on road anomaly segmentation with
dense 3D semantic labeling, incorporating both LiDAR and
camera data, as well as sequential information to enable
anomaly detection across various ranges. This capability
is critical for the safe navigation of autonomous vehicles.
We adapted and evaluated several baseline models for 3D
segmentation, highlighting the challenges of 3D anomaly
detection in driving environments. Our dataset and evalu-
ation code will be openly available, facilitating the testing
and performance comparison of different approaches.

1. Introduction

Autonomous vehicles have become an increasingly impor-
tant part of modern transportation systems. Despite signifi-
cant advances, these vehicles continue to face challenges in
accurately detecting unexpected objects on the road. One
particular challenge is road debris, which refers to objects
that are not typically part of the roadway environment and
pose significant safety risks. According to the AAA Foun-
dation for Traffic Safety [53], road debris was a contributing
factor in more than 50, 000 crashes, 10, 000 injuries, and
125 fatalities annually between 2011 and 2014. These ob-
jects can vary widely in size and appearance, making them
particularly challenging to detect. Addressing this issue is
critical for ensuring the safe and reliable operation of au-
tonomous vehicles, as it directly impacts their ability to han-
dle anomalies in real-world driving conditions.

State-of-the-art anomaly segmentation and anomaly de-
tection methods have received substantial attention in re-
cent years [17, 37, 41], especially in the context of au-
tonomous driving [11, 16, 18, 21, 31, 54]. One of the first
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benchmarks for evaluating anomaly segmentation is Lost
and Found [45], whose data serves as the basis for many
complex benchmarks [4, 10]. These benchmarks provide a
wide range of possible road anomalies and obstacles, and
recent research has focused on exploring the temporal [38]
and multimodal [6, 36] nature of anomaly segmentation.

While current autonomous driving datasets [1, 7, 51]
use a setup with surround view cameras, radar, and high-
resolution LiDAR sensors, existing anomaly segmenta-
tion and detection benchmarks focus primarily on im-
age data [5] and mostly use Cityscapes [15] as the in-
distribution dataset. Image-first benchmarks often lack the
comprehensive sensor setup found in modern autonomous
vehicles, and overlook the use of 3D modality for anomaly
segmentation. Recent research that has begun to investigate
the use of LiDAR [49] sensor for anomaly segmentation and
detection, lacks high-resolution sensors found in modern
autonomous vehicles. Several approaches have sought to
find anomalies in validation sets of existing datasets [36, 46]
or have created datasets using simulation [6] due to the dif-
ficulty of collecting and annotating such data in the real
world. Despite these efforts, extending existing data or sim-
ulating anomalies only partially addresses the lack of acces-
sible and high-quality data, shown in Table 1.

To address this issue, we analyzed the labels of two
widely used in-distribution (ID) datasets [1, 7] to identify
an appropriate set of anomalies that would not overlap with
objects in the ID training or validation datasets. This in-
formed our creation of a real-world dataset containing chal-
lenging anomaly objects placed on roads, with annotated
sequences in 3D LiDAR point clouds. Our dataset consists
of multiple high-resolution LiDAR sequences acquired in
challenging environments, with point-level labels for indi-
vidual anomaly objects (shown in Figure 1). We acquired
data in both rural and urban environments, with objects of
varying degrees of difficulty, and include a number of real-
world anomalies found on public roads. In addition, to eval-
uate in-distribution performance, we annotated additional
sequences without anomalies with inlier labels to train and
evaluate models to ensure a small domain gap between our
and SemanticKITTI [1] datasets.

To establish simple baselines for 3D LiDAR segmenta-
tion, we adapted the methods used in 2D anomaly segmen-
tation [4, 24, 34, 41, 50] and applied them to the 3D do-
main, investigating anomaly segmentation methods for 3D
LiDAR point clouds. Our models, trained jointly on the
SemanticKITTI dataset and our own dataset, show strong
segmentation performance for in-distribution data and novel
additional sequences. However, we observed that the base-
line methods struggled with out-of-distribution objects, and
models tend to predict anomaly objects as inliers with a high
degree of confidence. We believe that our dataset will ben-
efit the community by allowing the evaluation of anomaly

segmentation methods in the LiDAR domain and further ex-
ploration of multimodal anomaly segmentation methods.

Our contributions provide a basis for the development
of more advanced anomaly segmentation methods in the
3D LiDAR domain. Specifically, we propose a new
anomaly segmentation dataset, and perform an analysis of
the recorded and annotated data. The purpose of the paper
is to provide practitioners with the necessary tools to eval-
uate their anomaly segmentation models. We also provide
a set of baselines that can serve as a reference for future
challenges and research directions in this area.

2. Related work

2.1. Anomaly Datasets

Several multimodal datasets for autonomous driving are
available, including Waymo [51], nuScenes [7], Se-
manticKITTI [1], among others. These datasets were col-
lected in urban environments under typical driving condi-
tions. Although these datasets are relevant for evaluating
various tasks related to autonomous vehicle operation, they
lack data for uncommon scenarios. One such scenario in-
volves the presence of foreign objects on the road. Although
this situation is rare during typical driving, autonomous ve-
hicles must be able to recognize and respond to it safely.
Here, assigning a unique label to each distinct object is im-
practical, since datasets have a limited set of labels, and ob-
jects on the road can vary widely. These objects are often
grouped under a general category like “other object” and are
excluded from the benchmarks due to their variability.

In recent years, several datasets have been introduced to
assess the detection of foreign objects on the road [4, 10, 25,
36, 38, 42, 45, 59]. Some of these datasets have been de-
veloped using data augmentation techniques or simulations,
but only a few are based on data collected with real-world
equipment in real driving scenarios. Simulations and aug-
mentations are great tools, but they lack realism in terms
of the sensor model [4] and the sizes of the objects [25].
However, the aforementioned datasets are limited to image
data only. Autonomous vehicles use LiDAR sensors be-
cause they offer greater range, robustness to lighting condi-
tions, and more precise 3D information about the environ-
ment compared to monocular depth estimations or stereo
cameras. Therefore, incorporating 3D information is essen-
tial for accurately assessing road anomalies.

Three datasets that integrate camera and LiDAR data are
SOD [22], TOR4D [58] and CODA [36]. The CODA se-
ries is derived from validation sets of existing autonomous
vehicle datasets. Still, it has the limitation that anomalous
objects (e.g., traffic cones, barriers) may also appear in the
training set, which is acceptable for the task of open-set seg-
mentation, but contradicts the task of anomaly segmenta-
tion. Recently, a few methods for 3D anomaly detection
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Table 1. Comparison of our dataset with other community datasets [5]. SM = Semantic Mask, IM=Instance Mask, BB=Bounding Box

Dataset Camera LiDAR
Beams Source #ODD Label Size

Test/Val Temporal Environments
Test Sequences Related Dataset

Fishyscapes [3, 4]
FS Lost and Found 1 RBG ✗ Staged 1 SM 275/100 ✗ n/a Lost and Found [45]
FS Static 1 RGB ✗ Augmentated 1 SM 1000/30 ✗ n/a CityScapes [15]
CAOS [25]
StreetHazards 1 RGB ✗ Simulated 1 SM 1500 ✓ 2 sim towns - 150 seq
BDD-Anomaly 1 RGB ✗ Validation Set 3 SM 810 ✗ n/a BDD100K [61]
SegmentMeIfYouCan [10]
RoadAnomaly21 1 RGB ✗ Web Sourced 1 SM 100/10 ✗ n/a
RoadObstacle21 1 RGB ✗ Staged 1 SM 382/30 ✓ 9 streets - 90 seq
CODA [36]
CODA-KITTI 1 RGB ✓- 64 Validation Set 6 BB 309 ✗ n/a KITTI [19]
CODA-nuScenes 1 RGB ✓- 32 Validation Set 17 BB 134 ✗ n/a NuScenes [7]
CODA-ONCE 1 RGB ✓- 40 Validation Set 32 BB 1057 ✗ n/a ONCE [39]
CODA22-ONCE 1 RGB ✓- 40 Validation Set 29 BB 717 ✗ n/a ONCE [39]
CODA22-SODA10M 1 RGB ✗ Validation Set 29 BB 4167 ✗ n/a SODA [23]
Wuppertal ODD [38]
SOS 1 RGB ✗- dist Staged 13 IM 1129 ✓ 9 streets - 20 seq
CWL 1 RGB ✗- dist Simulated 18 IM 1210 ✓ 26 streets - 26 seq
Lost and Found [45] 1 Stereo ✗ Staged 42 SM 1068 ✓ 5 streets - 5 seq
SOD [49] 1 RGB ✓- 16 Staged 1 SM 460/530 ✗ 2 streets - 5 seq
WD-Pascal [2] 1 RGB ✗ Simulated 1 SM 70 ✗ n/a
Vistas-NP [20] 1 RGB ✗ Class exclusion 4 SM 11167 ✗ n/a Mapillary Vistas [43]
STU (Ours) 8 RGB ✓- 128 Staged 1 IM 8022/1960 ✓ 6 streets - 51 seq SemKITTI [1], P-CUDAL [55]

have been proposed [28, 33, 46]. However, these methods
use validation sequences to evaluate anomaly detection ca-
pabilities. The SOD dataset offers depth information for
small road obstacles using a low-resolution 16-beam Li-
DAR, and that introduces a large domain gap between the
training and test data. TOR4D and Rare4D [58] are the only
datasets that contain real-world LiDAR data to benchmark
road anomalies; however, these datasets are proprietary and
not accessible to the public. We release out-of-distribution
validation and in-distribution training sequences with a per-
missive license and open the private test set to submissions
from the public.

2.2. Open-Set Segmentation in 3D
Open-set and unsupervised segmentation are closely related
to the out-of-distribution detection task. Multiple methods
were proposed for unsupervised segmentation [44, 48] and
open-set prediction in 3D [9, 58]. Recent evaluations in 2D
anomaly segmentation [18] have demonstrated that meth-
ods such as OSIS [58] and EOPSN [30] perform poorly
on anomaly objects. This weakness stems from open-set
methods’ reliance on the presence of unknown instances in-
side the void regions during training, which may not gen-
eralize well to real-world scenarios. Similarly, MLUC [8]
assesses open-set performance on the UDI [8] dataset, but
this dataset is also not publicly accessible and makes the
same assumptions as OSIS methods. In addition, open-set
methods typically remove the ground plane [44] to obtain
clusters of potential objects, but ground plane removal [35]
methods are often sensitive to chosen hyperparameters and
yield noisy results, missing many smaller objects. For the
evaluation of anomaly segmentation, it is important to have
a test dataset that is free of anomaly objects which might

occur during training. In contrast to open-set methods, our
work focuses on collecting and densely annotating real-
world anomaly objects, ensuring that there is no intersection
between in-distribution training sets and out-of-distribution
test sets.

2.3. Anomaly Segmentation in Autonomous Driving
To tackle the problem of anomaly segmentation, multiple
works [4, 5, 10] have recently been proposed for the prob-
lem of 2D anomaly segmentation. Earlier works [4, 11,
21, 24, 34, 37, 54] were applied to per-pixel segmenta-
tion models such as DeepLab [12]; however, recently many
works were focused on MaskFormer-style models [13, 14].
A line of work [16, 41, 47] proposed different methods
to adapt Mask2Former, exploring the mechanism of mask
prediction, where multiple masks might ignore certain re-
gions of an image. These models provide more reliable
anomaly scoring mechanisms not limited to per-pixel pre-
dictions and achieve higher performance on the anomaly
segmentation task. For our benchmark, we decided to eval-
uate methods that also use MaskFormer-style models and
investigate the application of the Mask4Former [60] model
for 3D anomaly segmentation. We obtain all our scores us-
ing a MaskFormer-Style model, laying the foundation for
future baselines.

3. The Spotting the Unexpected (STU) Dataset

Our data collection platform consists of a rigid frame
mounted on a vehicle and equipped with eight hardware-
triggered cameras and a LiDAR sensor to ensure synchro-
nized data collection. The LiDAR and the cameras were
calibrated using the method described in [56], with the cal-
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(a) Naturalistic data collection.

(b) Data collection in controlled environment.

Figure 2. Data collection conducted in a naturalistic manner (a)
and controlled environment (b) with objects on the road.

ibration process repeated for each camera. This setup fol-
lows the configuration discussed in Panoptic-CUDAL [55].
We refer to the Supplementary Material for detailed infor-
mation on the vehicle setup.

3.1. Data collection.
The data was collected using two sets of conditions: one
in a naturalistic environment where objects were found on
public roads, and one in a controlled environment. In the
naturalistic scenario, several hours of driving data were
recorded, with specific events marked when objects ap-
peared on the road. Figure 2a shows a bucket on the road
recorded while driving on a highway.

The controlled environment data collection protocol was
rigorous for safety reasons. We employed four people: two
spotters positioned at either end of a low-traffic and low-
speed road, one responsible for placing objects on the road,
and a driver. The spotters would signal when it was safe
to place the objects, and once positioned, the driver would
begin recording the scene. If one of the spotters reported
an approaching vehicle, the data recording was stopped,
and the object was immediately removed. This was done
to avoid disrupting the normal flow of traffic. The vehicle
was driven at a maximum speed of 50 km / h during data
recording. Figure 2b shows a computer monitor placed on
the road during sensor data logging. Some of the objects
placed on the road are also shown in Figure 3.

Postprocessing. After data collection, post-processing is
required to obtain vehicle poses and anonymize the images.
Point cloud registration was performed using KISS ICP
[57], a LiDAR odometry pipeline. KISS ICP includes point
cloud motion compensation, subsampling, adaptive thresh-
olding to determine correspondences, and LiDAR pose es-
timation. The calculated LiDAR pose was then exported in
KITTI format as required for the labeling tool [1].

Ethical considerations for this dataset include anonymiz-
ing camera images. Identifiable data, such as faces and li-
cense plates, are processed using DashcamCleaner [52] and
DeepPrivacy2 [29]. DashcamCleaner uses a license plate
detector to locate and blur license plates, while DeepPri-
vacy2 detects facial features and generates new, uniden-
tifiable faces to replace the original ones. Examples of
anonymization can be found in the supplementary material.

3.2. Labeling
We define anomalies as objects that may pose a danger to
the autonomous vehicle and its passengers, especially those
present on the driving surface and not present in the training
dataset. In this work, we focus on road anomalies and do not
consider unusual situations such as vehicle collisions or un-
expected driver behavior, and we focus on the fine-grained
anomaly segmentation. In particular, we follow previous
work [4, 45] and focus on objects that are not present in the
training set.

We labeled the data using the SemanticKITTI labeler [1].
To generate initial labels for the scenes, we used pseudo-
labeling techniques using a pre-trained SemanticKITTI
model. We instruct our annotators to group all points be-
longing to inliers as a single semantic class, questionable
points as unlabeled, and anomaly points as the outlier class.
We instruct our labelers that it is very important to label
inliers and outliers carefully while allowing for larger unla-
beled regions where the annotator may be challenged.

Annotation process. The domain gap between urban en-
vironments and SemanticKITTI street scenes is minimal,
especially in regions close to the vehicle. This similarity
allows the acquisition of reliable initial estimates. The an-
notation process was performed by three annotators, each
spending eight hours a week over several months. Each an-
notator spent approximately four hours on the initial label-
ing of each scene and an additional two hours on refining
the final labels. To ensure accuracy and consistency, the an-
notators cross-validated each other’s work. To further im-
prove the quality of the labels, we examined the predictions
of the baseline methods to see if any known objects were
missed. In particular, current methods tend to be highly sen-
sitive to objects that are present but ignored during training,
such as those classified in the category “other object”. We
annotate these objects as unlabeled and ignore them in the
evaluations, as they could alter the results of the anomaly
segmentation methods.

Differences to SemanticKITTI. In contrast to Se-
manticKITTI, which provides labels up to a range of 50
meters, we labeled all points visible to the LiDAR sensor.
This was facilitated by using a LiDAR with a higher ver-
tical resolution. The maximum distance resulting from an
anomaly in our dataset is 150 meters, allowing for compre-
hensive evaluations. However, since we train on the Se-
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Figure 3. Different anomalies in the STU dataset. Different objects on the road used for staged data collection. We pick objects such
that have no intersection with the inlier dataset and place them on roads in different locations and illumination conditions. Objects might
touch each other, be very small, as large as a chair or a surf board, and could cause an accident if a car would drive over them.

manticKITTI dataset, which contains only labels up to 50
meters, we limit our evaluations to the 50 meter range. The
sensor setup has 128 LiDAR beams, compared to 64 beams
in SemanticKITTI.

3.3. Dataset analysis

We recorded 70 sequences with anomalies, which we fully
annotated for anomaly segmentation. Two of these labeled
sequences were captured in a naturalistic manner, while the
remaining 68 were staged to include various anomalies. We
designated 19 sequences as a validation set and 51 as a
closed test set for benchmarking purposes. In addition, we
recorded and annotated two sequences with no anomalies
for training and validation of the inlier performance “STU-
inlier”, to reduce the domain gap between our dataset and
SemanticKITTI.

Our dataset defines two primary classes: inliers and out-
liers. Inliers encompasses classes that are used to train
a model, and contains objects expected on the road, such
as vehicles, pedestrians, and road infrastructure. Outliers,
on the other hand, refer to out-of-distribution elements or
anomalies that are atypical or unexpected in the driving
scene, shown in Figure 3. One additional class, unlabeled is
ignored in the evaluation and typically includes classes that
the model has seen during training, but was not supervised
in, such as parking meters, utility boxes, and lamps. We
provide anomaly annotations at both the instance and se-
mantic levels, enabling a comprehensive evaluation of mod-
els for semantic and instance segmentation in 3D environ-
ments.

Each outlier object in our dataset has an instance la-

bel unique for a sequence. Figure 4 presents histograms
that display the distribution of key properties for these in-
stances, including the average and maximum number of Li-
DAR points per instance, instance heights, and the number
of instances per scan. This analysis provides insights into
the structural characteristics and variability of data within
point clouds. Specifically, Figure 4 indicates that most in-
stances have very few LiDAR points on average, but a se-
quence may have multiple instances per sequence.

Furthermore, Figure 5 presents a scatter plot of detected
anomalies within the vehicle frame, highlighting a higher
density of anomalies along the longitudinal (X) axis both in
front and behind the vehicle. The accompanying histograms
depict the distribution of the anomalies along each axis, not-
ing that the anomalies are identified at distances ranging up
to 150 meters in front of the vehicle. Figure 6 explores the
relationship between the distance to an anomaly and its size,
showing that the proportion of LiDAR point cloud obstacles
decreases as the distance increases. This trend is due to the
radial nature of LiDAR, which has lower vertical resolution
at greater ranges. For benchmarking purposes, we focus ex-
clusively on instances with more than five LiDAR points,
highlighted in blue, ensuring that the evaluation targets de-
tectable anomalies.

3.4. Evaluated Baselines

The formulation of the anomaly segmentation task restricts
training to avoid direct supervision of OOD objects. Gen-
erally, OOD objects are not present in the training set, but
could be present during inference [18]. Since there are no
methods that could be applied directly for our setup, we
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(a) Avg. num of points/sequence. (b) Max. points per instance. (c) Max. height of instances (m). (d) Numb. of instances/sequence.
Figure 4. Anomaly Instance Properties. A typical recorded anomaly has on average less then 50 points per sequence (a), with less then
300 (b) points at maximum, and a maximum height below one meter (c). We record up to nine individual anomaly instances in the same
sequence (d).
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Figure 5. Distribution of anomalies along the vehicle’s reference
frame. Most of the points appear around the vehicle.
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Figure 6. We follow SemanticKitti’s maximum distance thresh-
old and evaluate instances that are within a 50 meter radius of the
vehicle. In addition, we constrain evaluation of point and object
level metrics to a minimum of 5 points.

adopt several baseline methods from the 2D anomaly seg-
mentation to 3D LiDAR segmentation. First, we evalu-
ate simple baselines, such as Max-Logit [24], Monte-Carlo
Dropout [50], and Deep Ensembles [34]. Secondly, we train
one of the models to predict ignored regions during train-

ing, which could be used to classify “void” points during
testing [4]. We also adapt RbA [41], one of the state-of-
the-art methods for image anomaly segmentation, to the 3D
LiDAR segmentation method Mask4Former-3D [60].

Deep Ensembles, MC Dropout, and MaxLogit. Deep
Ensembles [34] and MC Dropout [50] are very common
methods that practitioners use due to ease of implementa-
tion and application. For Deep Ensembles, we train three
Mask4Former-3D [60] models. For MC dropout, we train
one Mask4Former-3D model with enabled dropout in the
transformer decoder for self- and cross-attention operations,
and during inference we repeat the transformer decoder op-
eration 50 times. As a simple baseline that uses only one
model and a single forward pass, we use the MaxLogit [24]
method.

RbA [41] is a method that uses the ability of MaskFormer-
Style models [13, 14] to predict multiple overlapping seg-
mentation masks. MaskFormer models have an option to
disable queries and might not predict any masks if no ob-
jects are present. Points for which no masks were predicted
will have the highest anomaly score. The Mask4Former
model follows the same architectural paradigm and has a
query deactivation mechanism that allows for no predic-
tion in uncertain regions. This allows us to use the RbA
method to generate anomaly scores within our setup. Un-
like the original RbA model setup, we did not modify the
transformer decoder.

Void Classifier We follow a common baseline [4] by treat-
ing the unlabeled regions as an additional semantic class
during training.

4. Baseline Evaluation

Training data. We use SemanticKITTI [1], Panoptic-
CUDAL [55], and an additional recorded sequence from
to jointly train our models. The Panoptic-CUDAL dataset,
contains six sequences for training and one for valida-
tion, and was mostly recorded in rural locations, while our
dataset consists mainly of urban scenes. To reduce the do-
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Table 2. Anomaly Segmentation Performance of the selected baseline methods.

Method OoD Data Point-Level OOD Object-Level OOD
AUROC ↑ FPR@95 ↓ AP ↑ RecallQ SQ RQ UQ PQ

Deep Ensemble [34] ✗ 86.74 58.05 5.17 16.75 84.49 10.43 14.16 8.81
MC Dropout [50] ✗ 61.51 82.37 0.11 2.25 86.72 1.95 2.14 1.86
Max Logit [24] ✗ 84.53 81.49 0.95 26.14 83.06 2.13 21.71 1.77
Void Classifier [4] ✓ 85.99 78.60 3.92 17.64 84.40 8.19 14.89 6.91
RbA [41] ✗ 66.38 100.0 0.81 24.04 83.28 3.23 20.02 2.69

Table 3. Closed-set performance of the methods on validation sets
of SemanticKITTI [1] and STU-inlier dataset. ∗ denotes a model
trained only on SemanticKITTI dataset.

Method SemanticKITTI STU-inlier Dataset
PQ SQ RQ PQ SQ RQ

Mask-PLS∗ [40] 59.9 76.4 69.1 39.6 67.0 50.5
Mask-PLS [40] 55.6 76.0 64.5 50.9 69.4 62.2
Mask4Former-3D∗ [60] 61.9 81.3 71.6 42.8 70.6 53.2
Mask4Former-3D [60] 60.7 81.0 70.4 52.7 73.8 64.7

main gap, we have recorded and annotated two additional
inlier scenes from an urban setting “STU-inlier”, one for
training and one for evaluation. These training sequences
closely resemble the environments in which anomaly scenes
were recorded. We train models with additional data
recorded from the same vehicle setup as Panoptic-CUDAL
and labeled the data with 19 SemanticKITTI labels. How-
ever, SemanticKITTI and our recorded dataset contain
”other-object” that acts as a miscellaneous class for all
objects that do not fit other-class definitions. A typi-
cal object is a bench, a garbage bin, or an advertisement
post. To strictly define anomalies, we analyze all other-
objects present in our training set, as well as the ”Mov-
able Object.Debris” and ”Pushable.Pullable” class objects
in the NuScenes training set. We specifically design our
dataset such that we do not have an intersection between
anomalous objects and the aforementioned classes. Our
Void Classifier training procedure consists of training on
this unlabeled class that is present in the training data.

Models. We train MaskPLS [40] and Mask4Former [60]
models jointly on both SemanticKitti and our training se-
quences. These models achieve state-of-the-art results on
the SemanticKITTI [1] dataset for single-scan and multi-
scan settings. However, while our dataset supports eval-
uation of temporal sequences, we performed our evalu-
ation and training on single scans only. In our experi-
ments, we refer to Mask4Former trained on single scans as
Mask4Former-3D. All anomaly segmentation methods use
Mask4Former-3D as the main model.

Metrics. To evaluate the performance of our methods, we
use common metrics in the anomaly segmentation commu-

nity in 2D and panoptic segmentation in 3D LiDAR. Fol-
lowing SemanticKitti, we evaluated both inlier and outlier
performance on points within 50 meters of the vehicle, and
on objects with at least five points.

Point-Level Metrics. To evaluate the performance of
the anomaly segmentation at the point level, we use the
common metrics of Average Precision (AP), False-Positive
Rate at 95% True-Positive Rate (FPR95), and Area Under
Receiver Operating characteristic Curve (AUROC). Com-
monly used in the anomaly segmentation community [4].

Object-Level Metrics. To be consistent with the panop-
tic segmentation setup, we use panoptic metrics to evalu-
ate the model performance on inlier classes. For the in-
lier data, we compute the Panoptic Quality (PQ) on the Se-
manticKitti classes. We report detailed class scores in the
Supplementary. In contrast to anomaly segmentation, the
open task formulation emphasizes the recall of all objects.
Formally, the Unknown Quality (UQ) metric is used in such
a setting [58]. However, in the case of anomaly segmenta-
tion, since anomalies can pose serious threats to the vehi-
cle, it is important to predict as few false positives as possi-
ble, while also producing accurate segmentation labels for
anomaly objects. Panoptic Quality uses an F-score and pe-
nalizes the prediction of multiple false positives. Thus, for
anomaly segmentation baselines, we report both Panoptic
Quality and Unknown Quality on a single class. For inlier
performance, we report the Panoptic Quality score on the
SemanticKITTI classes.

Panoptic Quality [32] is the geometric mean between
Recognition Quality (RQ) and Segmentation Quality (SQ)
for a class c:

PQc =

∑
(p,g)∈TPc

IoU(p, g)

|TPc|︸ ︷︷ ︸
Segmentation Quality (SQ)

× |TPc|
|TPc|+ 1

2 |FPc|+ 1
2 |FNc|︸ ︷︷ ︸

Recognition Quality (RQ)

where TP , FP , and FN are True Positives, False Posi-
tives, and False Negatives for objects with Intersection over
Union (IoU) higher than 50%. The final PQ metric is cal-
culated as an average over all classes c. Ignore points are
removed from the scene prior to evaluation and erroneous
predictions in the ignore region are not penalized.
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To evaluate the recall of anomaly objects, we use the Un-
known Quality (UQ) metric [58]:

UQ =

∑
(p,g)∈TP IoU(p, g)

|TP |︸ ︷︷ ︸
Segmentation Quality (SQ)

× |TP |
|TP |+ |FN |︸ ︷︷ ︸

Recall Quality (RecallQ)

.

The metric does not penalize FP and allows for the evalua-
tion of object recall. However, the metric counts objects as
TP only if they have an IoU of at least 50% with ground
truth.

4.1. Experiments

Inlier Performance on SemanticKitti and STU-inlier
dataset. We train models jointly with SemanticKITTI [1],
Panoptic-CUDAL [55] and our additional sequence, and
evaluate the SemanticKITTI and STU-inlier validation sets.
The jointly trained model demonstrates improved perfor-
mance on our STU-inlier dataset compared to models
trained solely on the SemanticKITTI dataset, suggesting a
small domain gap between our dataset and SemanticKITTI.
Evaluation on the proposed STU-inlier sequence shows
good segmentation performance for inlier classes that is
critical for anomaly segmentation. The metrics for the per-
formance of the baseline method in the validation sets are
provided in Tab. 3.

Out-of-Distribution (OOD) Performance. We evalu-
ate baseline methods for anomaly segmentation at both the
point and object levels. Our findings indicate that directly
transferring methods from 2D to 3D does not yield simi-
lar performance. Our point clouds typically contain around
100, 000 points, with only a few dozen being anomalous,
as shown in Fig. 6. Due to the significant class imbalance,
point-level scores are generally low, highlighting the diffi-
culty of the task. A high FPR@95, as noted in ODIN [27],
suggests that models often misclassify road objects as inlier
classes. Since LiDAR point clouds have lower resolution at
a distance, predicting a small anomaly object consisting of
a few points is a hard task. It is common for large anoma-
lous objects to be predicted as pedestrians or other vehicles,
as depicted in Fig. 7. Anomalous objects frequently occur
in familiar contexts, which leads the model to confidently
assign inlier labels to such anomalies in many cases. This
behavior contrasts significantly with models trained on 2D
data, where a simple max logit approach [26] outperforms
Deep Ensembles [10]. However, the Deep Ensemble model
stands out by producing fewer false positives at the point
level, resulting in a lower FPR@95 and a higher PQ met-
ric. Despite this reduction in false positives, the average
precision (AP) remains low compared to 2D datasets. We
attribute this to the high confidence with which individual
models predict inlier objects, with disagreements between
models contributing to the improved FPR@95. We refer

Figure 7. Example of a failure case anomaly segmentation. For
the chair on the road, labeled as anomaly in upper left, model pre-
dicts “other-vehicle” class, in lower left, with a high certainty,
as indicated by MaxLogit scores on the bottom right.

readers to the supplementary material for a more detailed
investigation of the results.

5. Conclusions and Future Work

In this paper, we introduced the STU dataset, designed for
anomaly segmentation in LiDAR point clouds. The dataset
was collected using eight cameras and a LiDAR sensor,
which provides a surround view of environments through
images and high-resolution LiDAR data. We extensively
annotated point clouds with “unlabeled”, “anomaly”, and
“inlier” classes, as well as introduced additional sequences
without anomalies for training and evaluation. The results
of the baseline methods indicate that there is a significant
performance gap between 2D and 3D anomaly segmenta-
tion, which underscores numerous ongoing research oppor-
tunities in the field. Our objective with this paper is to
provide researchers with annotated data and standardized
benchmarks to facilitate the comparison of their anomaly
segmentation approaches in 3D. We believe the dataset
could be especially useful for the evaluation of methods that
use temporal LiDAR data and multi-modal data in the fu-
ture, and can drive innovation in developing more robust
anomaly detection systems that can better handle complex
real-world scenarios.
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