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Abstract

Nowadays, closed-set perception methods for autonomous
driving perform well on datasets containing normal scenes.
However, they still struggle to handle anomalies in the real
world, such as unknown objects that have never been seen
while training. The lack of public datasets to evaluate the
model performance on anomaly and corner cases has hin-
dered the development of reliable autonomous driving sys-
tems. Therefore, we propose a multimodal Synthetic Dataset
for Anomaly and Corner case detection, called SDAC, which
encompasses anomalies captured from multi-view cameras
and the LiDAR sensor, providing a rich set of annotations for
multiple mainstream perception tasks. SDAC is the first pub-
lic dataset for autonomous driving that categorizes anomalies
into object, scene, and scenario levels, allowing the evalua-
tion under different anomalous conditions. Experiments show
that closed-set models suffer significant performance drops
on anomaly subsets in SDAC. Existing anomaly detection
methods fail to achieve satisfactory performance, suggesting
that anomaly detection remains a challenging problem. We
anticipate that our SDAC dataset could foster the develop-
ment of safe and reliable systems for autonomous driving.

Introduction

In recent years, Deep Neural Networks (DNNs) have
achieved remarkable performance in various perception
tasks on public autonomous driving datasets such as
KITTI (Geiger, Lenz, and Urtasun 2012), nuScenes (Cae-
sar et al. 2020) and Cityscapes (Cordts et al. 2016). Closed-
set detection models are designed based on the assump-
tion that all classes and situations in testing would be avail-
able during training. However, in open-world road scenes,
autonomous vehicles may encounter anomalies and corner
cases such as unknown objects or severe weather conditions
that have never been seen while training. Closed-set methods
still struggle to handle unexpected situations in real-world
environments, which may lead to devastating consequences
in some situations. For instance, Figure 1 depicts an anomaly
example where an overturned white bus is located straight
ahead of the road. A DeepLabv3+ (Chen et al. 2018) model
trained on normal scenes without bus class labels incorrectly
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Figure 1: A DeepLabv3+ model trained without the bus class
label incorrectly labels the overturned white bus as back-
ground buildings. From left to right are the RGB image,
ground truth, and detection results.

identifies the overturned white bus as background buildings,
posing potential risks to autonomous vehicles in real-world
scenarios. Therefore, to build a safe and reliable self-driving
system, the perception modules should be capable of detect-
ing anomalies and corner cases. Research in this domain is
commonly named anomaly detection (Bogdoll, Nitsche, and
Zollner 2022), or open-set detection (Scheirer et al. 2012).

Anomaly detection in autonomous driving is still in its
early stages. One main reason that impedes the development
is the lack of public datasets for performance evaluation.
Table 1 lists publicly available datasets for anomaly detec-
tion in autonomous driving. They are primarily created for
vision-based systems and provide either semantic masks or
bounding boxes from images, which restricts the advance-
ment of 3D anomaly detection techniques. Regarding the
core concept, the terms “anomaly” and “corner case” are
often used interchangeably, and there is no consistent def-
inition across different datasets. A systematization of cor-
ner cases (Breitenstein et al. 2020) for visual perception in
autonomous driving divides anomalies into different levels
based on the theoretical complexity of their detection. In-
spired by it, we propose to categorize anomalies into ob-
ject, scene, and scenario levels: object-level anomalies rep-
resent unknown objects, scene-level anomalies contain un-
expected patterns of objects and domain shifts (Ben-David
etal. 2010), scenario-level corner cases denote patterns with
temporal context that contain the potential for collision. Ac-
cording to the definition, datasets listed in Table 1 mainly fo-
cus on the object and scene level anomalies, and anomalies
in these datasets are conflated due to the absence of system-
atization of corner cases. Furthermore, they do not provide
scenario-level corner cases.
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Dataset Subsets Sensors Labels Tasks Size
. Lost & Found . . 375
Fishyscapes (Blum et al. 2021) Static Camera  Semantic Mask Segmentation 1030

StreetHazards . . 1500

CAOS (Hendrycks et al. 2022) BDD-Anomaly Camera  Semantic Mask Segmentation 310
RoadAnomaly?21 . . 100

SegmentMelfYouCan (Chan et al. 2021) RoadObstacle21 Camera  Semantic Mask Segmentation 327
CODA-KITTI Camera 309

CODA (Li et al. 2022) CODA-nuScenes LiD AR, Bounding Boxes  Object Detection 134
CODA-ONCE 1057

Table 1: A number of public and available datasets for anomaly detection in autonomous driving.

To mitigate the above setbacks, we introduce SDAC, a
multimodal synthetic dataset for anomaly and corner case
detection in autonomous driving. Collected in the CARLA
simulation environment (Dosovitskiy et al. 2017), SDAC
provides data captured from multi-view RGB cameras and
a 64-channel LiDAR sensor. Annotations in SDAC include
2D/3D bounding boxes as well as semantic/instance seg-
mentation masks, enabling SDAC to support a variety of
mainstream perception tasks for self-driving systems. SDAC
is designed to be a comprehensive dataset that covers object,
scene, and scenario-level corner cases. It is composed of two
parts: SDAC-SNAP and SDAC-SCENARIO. SDAC-SNAP
provides object and scene-level anomalies, which contains
5 different subsets: Normal, TruckBus, Props, RainFog,
and Accident. Different anomaly subsets focus on different
specific anomalous conditions. SDAC-SCENARIO offers the
temporal sequences of pre-crash and crash scenarios, aiming
to establish a common research foundation for scenario un-
derstanding and crash avoidance.

To the best of our knowledge, SDAC is the first public
dataset that categorizes anomalies systematically into dif-
ferent levels for anomaly detection in autonomous driving,
allowing the comprehensive evaluations of both closed-set
and anomaly detection techniques across a diverse range
of anomalous conditions. We evaluated both closed-set de-
tection methods based on different modalities as well as
anomaly detection methods on SDAC. Experimental results
show that closed-set detection methods suffer significant
performance degradation. Anomaly detection methods also
fail to achieve satisfactory results in unknown identification,
indicating that it still remains a challenging problem. We
hope SDAC can help to facilitate the development of robust
and reliable autonomous driving systems.

Related Work
Anomaly Datasets in Autonomous Driving

A number of public and available datasets for anomaly
detection are listed in Table 1. The Fishyscapes bench-
mark (2021) is proposed for anomaly segmentation, which
evaluates pixel-wise uncertainty estimates toward the de-
tection of anomalous objects in front of the vehicle. Syn-
thetic images in Fishyscapes are generated by overlaying
images from Cityscapes with objects from Pascal VOC (Ev-
eringham et al. 2010) or crawled from the internet. The
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CAOS (2022) benchmark includes two datasets named
StreetHazards and BDD-Anomaly. StreetHazards is a syn-
thetic dataset based on the CARLA simulation environment.
The anomalies are taken from the external model library
and then inserted into the driving scenes. BDD-Anomaly
considers infrequent object classes (motorcycle, train, bi-
cycle) in the BDD100K (Yu et al. 2020) dataset as anoma-
lies. Unlike the above two benchmarks that rely on synthetic
images, the SegmentMelfYouCan benchmark (2021) intro-
duces two tracks entirely collected in the real world. The
anomaly track RoadAnomaly21 is collected from web re-
sources, in which anomalies can appear anywhere in the
image. The obstacle track RoadObstacle21 focuses on the
task of obstacle segmentation, whose goal is to identify all
objects on the road. Different from the datasets mentioned
above for anomaly segmentation and providing only im-
ages and semantic masks, CODA (2022) is a novel dataset
of object-level corner cases designed for object detection.
It employed a two-stage selection process to choose corner
cases from KITTI, nuScenes, and ONCE (Mao et al. 2021)
benchmarks for autonomous driving. While CODA is col-
lected from datasets that include point cloud data, it only
provides 2D anomaly bounding boxes in image space.

Anomaly Detection Methods

Anomaly detection approaches can be classified into dif-
ferent concepts, such as: “reconstruction, prediction, gen-
erative, confidence scores, and feature extraction.” (Bog-
doll, Nitsche, and Zollner 2022). On the object level, two
main perception tasks are object detection and semantic seg-
mentation. Open-set or open-world object detection meth-
ods (Joseph et al. 2021; Gupta et al. 2022; Han et al. 2022;
Zohar, Wang, and Yeung 2023) detect unknown objects
without explicit supervision. They usually integrate their
frameworks into traditional models, e.g. Faster R-CNN (Ren
et al. 2015), Deformable DETR (Zhu et al. 2020), adapting
them for the open-world setting. In the segmentation task,
pixels belonging to unknown objects are associated with un-
known class labels or high scores that indicate uncertainty.
Uncertainty estimation methods could exploit the maximum
softmax probability (Hendrycks and Gimpel 2016), max
logits (Hendrycks et al. 2019), or standardized max log-
its (Jung et al. 2021) as anomaly score. Reconstructive ap-
proaches (Lis et al. 2019; Di Biase et al. 2021) leverage im-
age re-synthesis and detect anomalies by measuring the dis-
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similarity between the input and synthesized image. Gener-
ative approaches such as NFlow]S (Grcic et al. 2021) gen-
erate synthetic negative patches atop regular images as the
anomaly mask.

On the scene level, collecting data from all possible do-
mains is impractical in the open world. Therefore, measur-
ing domain shifts during inference is critical to autonomous
driving safety. Various domain mismatch metrics (Lohdefink
et al. 2020; Zhang et al. 2018; Breitenstein et al. 2021) have
been proposed to identify these scene-level anomalies.

For scenario-level corner case detection, the prediction-
based approaches (Liu et al. 2018; Bolte et al. 2019) predict
a future frame and compare it with the true frame to de-
tect anomalies. Reconstructive method, for instance, SelfOr-
acle (Stocco et al. 2020) uses autoencoder and time-series-
based anomaly detection to reconstruct the driving scenarios
seen by the car, predicting potential safety-critical misbe-
haviors.

SDAC Dataset
Properties of SDAC

SDAC is a multimodal dataset. Most recent advances are
concerned with image-based anomaly detection, while 3D
approaches are still struggling to gain momentum. One rea-
son for this is the absence of datasets, which so far only ex-
ist in the camera sector. Therefore, SDAC provides not only
images but also point clouds and 3D labels to facilitate the
development of 3D anomaly detection techniques.

SDAC is a synthetic dataset generated in a CARLA sim-
ulation environment. Acquiring corner case scenarios in the
real world is problematic as these cases are rare and also
costly to annotate. Furthermore, due to the high risk in-
volved, it is not feasible to record data in pre-crash or crash
scenarios. However, in simulation environments, we can
construct these crash scenarios in a safe manner and collect
data from simulated sensors.

SDAC categorizes anomalies into object, scene, and sce-
nario levels. The object-level anomalies represent unknown
objects that have never been seen in training. Autonomous
driving systems operate in the open world that contains a
potentially infinite set of unknown classes. Miss-detection
of anomalous obstacles, as shown in Figure 1, could result
in serious consequences. Scene-level anomalies are defined
as domain shifts in the environment and unexpected pat-
terns of objects. Domain shift refers to the situation where
the data distribution of training and testing domains differ
significantly. Examples of domain shifts include changes in
weather and lighting conditions, such as rain or fog. Unex-
pected patterns of objects refer to situations where objects
appear in unusual locations or positions. For example, Fig-
ure 2d depicts an accident scene where the vehicle is over-
turned and a person is lying on the road. Scenario-level
corner case denotes the pattern with temporal context. These
patterns represent specific types of risky or anomalous situ-
ations that can occur during driving. Figure 2e illustrates an
example with the pattern “something suddenly runs into the
road”. Those corner cases capture sequences of events that
unfold over time, allowing researchers to gain insights into
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Subset Weather Classes Size
Normal clear normal* 2657F
RainFog rain,fog normal 396
TruckBus clear truck,bus 377
Props clear unknown 375
Accident  clear,rain,fog  car,person,truck,bus 297

Table 2: Subsets in SDAC-SNAP. The Normal subset con-
tains training and validation splits, while the others are for
testing. *Normal classes include car, person, motorcycle, bi-
cycle. *the Size of the Normal subset includes 1861 for train-
ing and 796 for testing.

the potential risks and develop strategies to enhance crash
avoidance.

Overview of SDAC

The SDAC sensor suite includes six cameras and a 64-
channel LiDAR sensor. All cameras have a field of view
(FoV) of 110° and a resolution of 2048 x 1024 pixel. The
LiDAR sensor has a vertical Fov of range [—24.8°,4°], 80m
maximum distance, and a scan rate of about 1.3M points per
second. More details on sensor configuration and generation
of SDAC are available on our website!.

SDAC is composed of two parts. SDAC-SNAP provides
RGB images from the front camera and point clouds, with
annotations including 2D/3D bounding boxes as well as se-
mantic/instance segmentation masks. There are 7 different
categories in object detection tasks: car, person, motorcycle,
bicycle, truck, bus, unknown. As for semantic segmentation,
there are a total of 21 different classes in SDAC, with the
first 19 categories being the same as those in Cityscapes.
The last two categories, “Static” and “Dynamic”, represent
the obstacles in the Props subset.

In SDAC-SCENARIO, records of corner cases are
grouped by patterns. Each record is about 10 seconds long,
and all sensors are synchronized and captured in 10HZ. Ob-
jects hold the same id throughout the sequence. In most
records, we provide the front camera images and point
clouds as well as associated annotations. For scenarios such
as a vehicle is going to merge from the entrance as shown
in Figure 3, we provide images from 6 cameras, providing a
360° Fov and the box labels in each view.

SDAC-SNAP

Table 2 provides an overview of subsets in SDAC-SNAP.
we introduce each of them in detail.

Normal is captured in the clear sunny environment with
instances of normal classes. SDAC treats car, motorcycle,
bicycle and person as normal classes. Existing anomaly
datasets do not contain this subset since they consider
datasets such as Cityscapes to be normal. In the open-
world environment, it is unrealistic to assume what kind of
anomaly the system might encounter. Therefore, anomaly
detection techniques are generally required to be developed

"https://sdac-dataset.github.io/
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(e) A Scenario with the pattern “something suddenly run into the road” in SDAC-Scenario (Scenario Level)

Figure 2: Examples from different anomaly subsets in SDAC dataset.

Figure 3: A scenario where a vehicle is going to merge from
the entrance ramp. From top left to right bottom are im-
ages captured from FrontLeft, Front, FrontRight, BackLeft,
Back, and BackRight cameras. The vehicle is invisible in the
Front view but can be seen in the FrontRight view.

based on the known “normal conditions” to gain generaliz-
ability to different corner cases. Thus, the Normal subset is
indispensable and crucial for the SDAC dataset.

RainFog contains scene-level anomalies focusing on do-
main shifts in weather conditions. Autonomous driving sys-
tems are often designed on a specific Operational Design
Domain (ODD) (ISO 2022), which refers to the specific set
of conditions and operational boundaries in which an au-
tonomous vehicle is intended to operate safely. For most
self-driving systems, the weather condition in ODD is a clear
sunny day. However, in the open world, weather conditions
may change rapidly and turn rainy. Therefore, to investigate
the impact of weather changes on DNNs performance, this
subset collects driving scenes in rainy and foggy weather,
holding the same class configuration as the Normal subset.

TruckBus and Props focus on object-level anomalies.
They only contain objects of novel classes that have not been
seen in Normal. TruckBus includes two novel classes: truck
and bus. This subset is designed to investigate the model per-
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formance when the boundary of known and unknown classes
is ambiguous, e.g. cars and trucks. We generate one single
object within the drivable area in each frame. The Props
subset contains various types of obstacles (e.g., box, traffic
cone) that are labeled as unknown. Each frame contains one
to three obstacles randomly placed on the road ahead of the
ego vehicle. In contrast to TruckBus, obstacles in Props are
characterized by their small size and limited number of point
clouds, which significantly increases the detection complex-
ity for anomaly detection algorithms.

The Accident is designed to simulate accident scenes in
which objects appear in unusual locations or positions under
different weather conditions. As shown in Figure 2d, scenes
in this subset consist of an overturned vehicle and a person
lying on the road positioned directly in front of the path of
the ego vehicle. By mimicking real-world accident scenes,
this subset introduces a combination of object and scene-
level anomalies, which bring great challenges to the devel-
opment of robust anomaly detection methods.

SDAC-SCENARIO

SDAC-SCENARIO focuses on pre-crash and crash scenar-
ios. Critical scenario identification techniques (Zhang et al.
2022) have seen rapid development in support of safety re-
search on autonomous driving systems. Safety-critical driv-
ing scenario typologies (Najm et al. 2007) provide valuable
insights into the factors contributing to crashes, aiding in un-
derstanding crash patterns and developing safety measures.
Recently, scenario-based test methods and standards (e.g.,
the under-development ISO 3450 series (ISO 2022) stan-
dards) have increasingly played a crucial role in evaluating
the performance of autonomous driving systems. Motivated
by this, SDAC-SCENARIO focuses on providing the data
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(a) a person is obscured by bus

l NI

(b) a car in the junction area is obscured by bus

Figure 4: Different specific scenarios under the “visual ob-
struction” pattern where an obscured object suddenly ap-
pears in the view of ego vehicle.

captured in the pre-crash or crash scenarios to establish a
common research foundation for scenario-level anomaly de-
tection.

In (Menzel, Bagschik, and Maurer 2018), scenario rep-
resentations are categorized into three levels of abstraction:
functional scenario, logical scenario, and concrete scenario,
ranging from semantic-level descriptions to concrete param-
eterized representations. We employ a similar approach that
uses the pattern, specific scenario, and concrete scenario to
describe corner cases. In SDAC-SCENARIO, corner cases
are classified into distinct patterns, each named to directly
reflect the causes, triggering conditions, contributing factors,
or safety-critical operations associated with a crash. Specific
scenarios within each pattern vary depending on the loca-
tions and activities of the ego vehicle and other objects prior
to the critical event. Location refers to the agent’s position
on the road network, while activity represents the behavior,
state, or action prior to the occurrence of a crash. To generate
concrete instances of specific scenarios, we parameterize the
scenarios and explore the parameter space to identify possi-
ble settings that can lead to dangerous situations. We use
Scenic (Fremont et al. 2022), a domain-specific language
for describing distributions over scenes and the behaviors of
their agents over time, to generate these concrete scenarios
in the CARLA simulation environment.

Taking the pattern “visual obstruction” as an example, it
represents scenarios where the visibility of the ego vehicle
is compromised due to the presence of occlusions. There are
two different specific scenario examples as depicted in Fig-
ure 4. The specific scenario in Figure 4a is described as fol-
lows: ego vehicle is following the inner lane of a double-lane
road, and a bus is parked ahead in the adjacent lane. A per-
son obstructed by the bus is going to walk across the road.
Core parameters in the parameterized scenario include the
distance from the ego to the bus along the lane, the ego vehi-
cle’s speed, the person’s speed, and the distance between the
person and the ego vehicle when the person begins to walk.

The SDAC-SCENARIO subset currently comprises seven
distinct patterns, each of which we will introduce briefly.

Something suddenly runs into the road. Unexpected ob-
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ject or entity, such as children, suddenly enters the road.

Accident ahead. A visible accident or collision ahead of
the ego vehicle’s path.

Visual obstruction. An obscured object suddenly appears
in the view of the ego vehicle, leaving insufficient time for
the ego vehicle to react with necessary safety measures.

Run the red light. A vehicle intentionally or unintention-
ally disregards a red traffic signal and proceeds through the
intersection without stopping.

Lane changes suddenly. A vehicle suddenly changes the
lane and drives into the current path of the ego vehicle.

Lead car brakes/slows down suddenly. Vehicle ahead of
the ego vehicle suddenly applies the brakes or significantly
reduces its speed.

Fails to Yield at Non-Signalized/Signalized Junctions. Ego
fails to yield the right of way to another vehicle or pedestrian
at intersections, crosswalks, or entrance/exit ramps.

Evaluation

We evaluated both closed-set detection methods and state-
of-the-art open-set object detectors and anomaly segmenta-
tion methods on different anomaly subsets in SDAC. More
details about the experiments can be found in the supple-
mentary material.

For Closed-set detection task, we evaluated image-based,
Lidar-based, and multimodal fusion methods to demon-
strate the performance degradation of closed-set detection
methods based on different modalities when they are ex-
posed to the open-world environment. For image-based ap-
proaches, we selected anchor-based two-stage (Faster R-
CNN), anchor-free one-stage (CenterNet (Zhou, Wang, and
Krihenbiihl 2019)), and Transformer-based (Deformable
DETR (Zhu et al. 2020)) models. We trained these mod-
els on the Normal training set and evaluated their perfor-
mance on the Normal validation set, RainFog, and Accident
subset, employing COCO (Lin et al. 2014) average preci-
sion (AP) as the evaluation metric. AP is calculated by com-
puting precision and recall values at different IoU thresh-
olds (e.g., 0.5, 0.75, 0.95) and then averaging them. For
Lidar-based 3D object detectors, we evaluated point-based
(PointRCNN (Shi, Wang, and Li 2019)) and point-voxel in-
tegrated networks (PV-RCNN (Shi et al. 2020)) using met-
rics from the KITTI benchmark. Furthermore, we evalu-
ated fusion approaches such as MVX-Net (Sindagi, Zhou,
and Tuzel 2019) which combine the RGB images and point
clouds. For semantic segmentation, we test PSPNet (Zhao
et al. 2017), DeepLabV3+ (2018) and report the Cityscapes
intersection over union (IoU) metrics for different classes.

For Open-set object detection, we evaluated ORE (Joseph
et al. 2021) and OpenDet (Han et al. 2022) on SDAC. ORE
is an open-world object detector using contrastive cluster-
ing and energy-based unknown identification. The energy-
based identifier requires known and extra unknown data to
fit Weibull distributions on the energy values. These learned
distributions are then applied during inference to identify
unknown samples. We trained ORE on the Normal training
set and then combined the Normal validation set with data
in TruckBus and Props, respectively, to model known and
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Normal | RainFo Accident
Method AP AP AP, AP,
Faster R-CNN 59.5 35.6 324 0.2
CenterNet 47.0 29.3 29.0 0.2
D-DETR 52.6 33.0 34.6 0.3

(a) 2D object detection results on SDAC. mAP(1) is the COCO
mean average precision. AP, (1) and AP, (1) represent the average
precision of car and person classes.

Method Modality NX;HA’;I nglxg
PointRCNN LiDAR 81.8 81.6
PV-RCNN LiDAR 92.1 92.0
MVX-Net Camera, LIDAR 90.1 90.0

(b) 3D object detection results on SDAC. AP /(1) denotes the
mean average precision of 3D box detection with 40 recall posi-
tions (AP4p) on the moderate level of KITTI-sytle validation set.

Classes PSPNet DeepLabV3+
IOUN IOUR IOUA IOUN IOUR IOUA

car 93.7 292 376 | 943 154 282

person | 82.2 675 34 | 837 719 21

(c) Semantic segmentation results on SDAC. IoUy (1), IoUg(1),
IoU4 (1) denote the Cityscapes intersection over union of corre-
sponding class on Normal, RainFog, and Accident.

Table 3: Experimental results of closed-set detection meth-
ods. Models are all trained on the Normal training set.

Model Extra | Normal | TruckBus | Props
Data* [ AP, |AP, A-f|AP, A-
T 80.7 | 0.04 284002 79
ORE p 807 | 0.04 284| 00 77
OpenDet - 8I.1 | 555 252| 53 51

Table 4: Performance of open-set object detectors on SDAC.
* denotes extra data used in training, T is TruckBus, P is
Props. APy (?) is the Pascal VOC APj5 of known classes.
AP, (1) denotes the AP5( of unknown class. ¥(]) is a short
representation of Absolute Open-Set Error(A-OSE).

unknown energy distributions. Then we evaluated the model
with the utilization of the energy-based identifier on both
TruckBus and Props subsets. Different from ORE, Open-
Det is trained with only close-set data without complex
post-processing. They propose Contrastive Feature Learner
(CFL) and Unknown Probability Learner (UPL) to identify
unknown objects by separating high/low-density regions in
the latent space. The metrics AP, and Absolute Open-Set
Error (A-OSE) are used to quantify how effective the model
is in handling unknown objects, where A-OSE denotes the
number count of unknown objects that get wrongly classi-
fied as any of the known classes.

For anomaly segmentation task, we evaluated SML (Jung
etal. 2021) and PEBAL (Tian et al. 2022). SML is one of the
confidence score-based methods that do not rely on external
data, re-training, or extra networks. It standardizes the max
logits in a class-wise manner that reduces the false positives
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Model Normal TruckBus Props
mIoU1 mIoU2 AUC FPR95 AUC FPR95

SML 85.2 - 869 763 | §89.0 734

PEBAL | 81.6 80.5 | 96.2 184 | 954 231

Table 5: Anomaly segmentation performance on different
subsets. mIoUy (1) is the Cityscapes mIoU on known classes
of pre-trained segmentation models. mIoUs(7) is the mIoU
on known classes after retraining or fine-tuning. AUC(1) is
the area under receiver operating characteristics (AUROC).
FPRy5 (/) denotes the false positive rate (FPR) at 95% true
positive rate (TPR).

Model Accident-Car Accident-Person
AP, AP, AP, AP,
Faster R-CNN 32.4 45.5 0.2 21.7
CenterNet 29.0 51.2 0.2 7.2
D-DETR 34.6 36.2 0.3 6.1

Table 6: Comparison of AP between original training con-
figurations (AP;) and with additional data augmentations
(AP2). Additional data augmentation, including vertical and
diagonal flips and rotation.

when using a single threshold. PEBAL does not explore un-
certainty measures and instead explicitly learns a new pixel-
wise anomaly class. They fine-tuned the model using both
inlier and outlier datasets D" and D°“!. Following their
configurations, we take the Normal training set as D™ and
COCO as D°“, The performance of anomalous pixel identi-
fication is quantified by the area under the receiver operating
characteristics (AUROC) and the false positive rate at 95%
true positive rate (FPRg5).

Discussion of Results

Experimental results of closed-set detection methods in Ta-
ble 3 reveal that closed-set detection models are inadequate
to meet safety requirements in the open world.

As shown in Table 3a and Table 3c, weather changes
bring significant performance decline to the detection mod-
els on image space. While employing domain adaptation
techniques may be an intuitive idea to address domain shift
issues, these techniques are typically designed to adapt mod-
els to a specific target domain, which restricts their ability to
generalize to diverse unseen conditions in the open world.

Closed-set detection models are highly sensitive to pos-
tural variation. Evaluation results on the Accident subset in
Table 3a and Table 3c indicate that these models face sig-
nificant challenges in accurately identifying unexpected pat-
terns, such as people lying on the road. This difficulty arises
because the training set only includes examples of persons
in a standing posture. Some available remedies, such as data
augmentation techniques as shown in Table 6, only have lim-
ited effects on certain models (e.g., Faster R-CNN). Besides,
we cannot expect what kind of patterns can emerge in the
open world.

As shown in Table 3b, 3D detection models exhibit bet-
ter robustness and are less affected by weather changes. We
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Figure 5: The energy distributions of known and unknown
objects in SDAC dataset computed by ORE.

Figure 6: From left to right are anomaly segmentation results
of SML on Normal, Props, and RainFog. The anomaly map
has high scores (in yellow and red) for anomalous pixels.

did not evaluate 3D detection methods on Accident because
these models are commonly based on the flat-world assump-
tion, which means that they only consider encoding heading
angles and eliminate the roll and pitch angles. Nevertheless,
this assumption does not always hold in the real world, such
as when driving through slopes or encountering accident
scenes like those in the Accident subset. Therefore, there is
a great need for full-degree-of-freedom object detectors and
corresponding evaluation metrics.

Experimental results in Table 4 and Table 5 highlight the
complexity and value of SDAC in enabling the comprehen-
sive evaluations and analyses of models.

As shown in Table 4, ORE failed to recognize unknown
objects in both TruckBus and Props subset, despite the clear
distribution difference of energy between known and un-
known objects as depicted in Figure 5. The primary rea-
son could be that the proposals used to compute energy for
unknown objects during training are selected based on IoU
with unknown ground truth. However, most of these pro-
posals will be discarded in the testing phase due to their
low confidence scores because they are only used to calcu-
late energy and not to update the parameters of the identifier
during training. For unknown objects that have an ambigu-
ous boundary of known classes such as trucks, the energy-
based identifier fails to distinguish them from cars. In con-
trast, OpenDet can clearly distinguish between trucks and
cars. This could be due to the CFL they proposed, which
can compact features of known classes, leaving more low-
density regions for unknown classes. However, it is also a
challenge for OpenDet to detect obstacles in the Props sub-
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Figure 7: The distribution of average anomaly score of im-
ages in the Normal and RainFog subset.

set.

Table 5 reports the results of anomaly segmentation mod-
els. SML and PEBAL are based on different methodologies,
each having its strengths and weaknesses. SML does not
use any external data, re-training, or extra networks, mak-
ing them widely applicable to existing pre-trained segmen-
tation models. As a result, its performance could be greatly
influenced by the pre-trained model. Although PEBAL used
the extra dataset (COCO) that has a significant domain gap
between SDAC to train the model, it still achieved better
performance. However, its performance also depends on the
external data used in training. The retraining phase in Open-
Det could somehow compromise the accuracy of known ob-
jects. We performed additional experiments that calculated
the average anomaly scores of images in the RainFog sub-
set and compared the distribution with that in Normal. As
shown in Figure 6 and Figure 7, distributions in the Rain-
Fog and Normal subsets exhibit significant divergence. This
indirectly indicates that semantic segmentation models are
more susceptible to weather changes but also underscores
the potential of anomaly segmentation methods in detecting
different levels of anomaly in the open world.

Conclusion

In this work, we present SDAC, a multimodal synthetic
dataset for anomaly and corner case detection in au-
tonomous driving, which is composed of object-level, scene-
level, and scenario-level anomalies. Experiments on closed-
set detection methods reveal that they are unable to achieve
reliable results in the open world, posing safety issues for au-
tonomous vehicles. We further provide a comparison of dif-
ferent anomaly detection methods, demonstrating how the
SDAC dataset facilitates a detailed analysis of these tech-
niques. So far, the Lidar-based and scenario-level anomaly
detection approaches are still struggling to gain momentum
because of the absence of datasets. We anticipate that our
SDAC dataset could foster the development of safe and reli-
able perception methods for autonomous driving.
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