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Abstract— The detection of unknown traffic obstacles is
vital to ensure safe autonomous driving. The standard object-
detection methods cannot identify unknown objects that are not
included under predefined categories. This is because object-
detection methods are trained to assign a background label
to pixels corresponding to the presence of unknown objects.
To address this problem, the pixel-wise anomaly-detection
approach has attracted increased research attention. Anomaly-
detection techniques, such as uncertainty estimation and per-
ceptual difference from reconstructed images, make it possible
to identify pixels of unknown objects as out-of-distribution
(OoD) samples. However, when applied to images with many
unknowns and complex components, such as driving scenes,
these methods often exhibit unstable performance. The purpose
of this study is to achieve stable performance for detecting
unknown objects by incorporating the object-detection fashions
into the pixel-wise anomaly detection methods. To achieve this
goal, we adopt a semantic-segmentation network with a sigmoid
head that simultaneously provides pixel-wise anomaly scores
and objectness scores. Our experimental results show that the
objectness scores play an important role in improving the
detection performance. Based on these results, we propose a
novel anomaly score by integrating these two scores, which
we term as unknown objectness score. Quantitative evaluations
show that the proposed method outperforms state-of-the-art
methods when applied to the publicly available datasets.

I. INTRODUCTION

When driving, various types of obstacles can be encoun-
tered on the road, and detecting them from in-vehicle camera
images is essential for safe autonomous driving. However,
standard object-detection methods [1], [2], [3] fail to detect
unknown objects that do not belong to any predefined
object categories. It is also difficult to address this issue in
an anomaly detection setting because unknown objects are
learned to be identified as part of the image background.
Since many road obstacles cannot be classified as the prede-
fined object categories, they are basically identified as part
of the background.

Against this background, recently proposed methods [4],
[5], [6] are based on semantic-segmentation networks. Se-
mantic segmentation [7], [8] aims to assign an appropriate
label to almost every pixel, including the image background.
This makes it easier to consider anomaly detection set-
tings for detecting unknown regions because both prede-
fined object and background pixels are included in the in-
distribution; unknown regions can be detected as out-of-
distribution (OoD) samples. This approach is known as pixel-
wise anomaly detection [6]. While the pixel-wise anomaly-
detection methods are effective for detecting unknown re-
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Fig. 1. Examples of road obstacle detection results using the proposed and
representative methods. The proposed anomaly score—unknown objectness
score—reduces the number of false-positive predictions, especially in the
background regions, compared to the baseline scores (c) and the results of
the existing methods (d,e).

gions in an image, their performance is often unstable when
applied to road obstacle detection. These methods do not
limit detection to unknown objects, but can detect any
unknown regions in the image. In the context of the road ob-
stacle detection, however, this also means an increase in false
positive predictions, especially in the image background.

In this paper, we propose a novel road obstacle de-
tection method that combines the principles of pixel-
wise anomaly detection and object detection. Representative
object-detection methods, such as Faster-RCNN [2] and
YOLOv3 [1], calculate objectness scores that measure how
much the corresponding local region in an image is object-
like. The use of objectness scores is promising for stabilizing
the performance of detecting unknown objects, as is the
case with detecting predefined objects. However, in fact,
these objectness scores are not compatible with the anomaly-
detection settings, as mentioned earlier. Therefore, we aim to
address this issue by integrating the objectness scores with
pixel-wise anomaly scores defined from predicted probabil-
ities in semantic segmentation.

The proposed method is based on a semantic-segmentation
network utilizing a sigmoid head. This approach allows for
the assignment of multiple classes to each pixel, enabling
a more flexible design of class labels compared to a typi-
cal softmax head. Specifically, we merge predefined object
classes, such as cars and traffic signals, into an object class,
and define the objectness score as the predicted probability
of the object class. The use of the sigmoid head allows the
segmentation model to simultaneously learn the labels of
both the object class and the predefined classes. Additionally,
we define unknown scores as pixel-wise anomaly scores
obtained from the outputs of the sigmoid head. By combining
the objectness and unknown scores, we define unknown
objectness scores.
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This design is particularly effective when only a limited
number of images of road obstacles are available. In order
to use these images for training our model, we assign the
object class label to pixels corresponding to road obstacles.
This approach eliminates the need to create new classes
for road obstacles and also precludes the necessity to limit
the detection targets to specific objects. This situation often
arises in practical settings since encountering road obstacles
in standard driving scenarios is infrequent. We experimen-
tally show the effectiveness of the unknown objectness scores
using the publicly available datasets (Fig. 1).

The major contributions of this study are as follows.
• A novel road obstacle detection method is proposed

based on a novel anomaly score—unknown objectness
score—defined by the outputs obtained from the sig-
moid head.

• The proposed method exhibits better performance than
state-of-the-art approaches, when applied to the publicly
available datasets.

• The proposed method is based exclusively on a
semantic-segmentation network; this facilitates fast de-
tection without the need for additional modules.

II. RELATED WORK

A. Pixel-wise Anomaly Detection

Numerous pixel-wise anomaly detection methods have
been proposed. These methods can be primarily classified
into two approaches based on the concepts of autoencoder
and uncertainty estimation.

1) Autoencoder-based Approaches: Autoencoder-based
methods require the use of at least two modules—an en-
coder and a decoder. The encoder maps input images into
a feature space and the decoder subsequently attempts to
reconstruct the original image. If the test images contain an
unknown region, the encoder and decoder cannot perform an
accurate reconstruction. This facilitates the identification of
the unknown region. The encoder and decoder modules are,
in general, configured using networks such as the generative
adversarial network (GAN) [9] and variational autoencoder
(VAE) [10]. Previous studies have proposed several methods
based on different autoencoder modules, including the RBM
autoencoder [11], VAE [12], and GAN [13], [14], [15], [16].

Recent studies [17], [18], [5], [6] have proposed methods
based on the adoption of a segmentation network as an en-
coder. The decoder in these methods attempts to reconstruct
an input image from a predicted semantic label map [19],
[20]. A segmentation network can fail to assign an accurate
label map to an unknown region. This causes the subsequent
decoder to generate a reconstructed image that features a
large gap or an indeterminate spot in the unknown region. To
quantify the gap between the input and reconstructed images,
these methods calculate the perceptual difference [19]. The
perceptual difference is obtained by calculating the difference
between both feature maps from the middle layers of the
ImageNet [21] pretrained VGG [22]. Furthermore, some
existing studies [17], [6] introduced a discrepancy network
and trained it to enhance this difference.

2) Uncertainty-based Approaches: Utilizing uncertainty
estimation is another standard approach for performing pixel-
wise anomaly detection. The predicted semantic labels in an
unknown region can be expected to demonstrate high uncer-
tainty. This is because the semantic-segmentation model is
trained using dataset that does not contain the ground truth
of such regions.

Bayesian neural networks [23], [24] based on Bernoulli’s
approximation of the variational distribution are widely used
for uncertainty estimation [25], [26]. This approach, which
is closely related to the dropout technique [27], is referred to
as the MC dropout. Although the MC dropout is applicable
to pixel-wise uncertainty estimation [28], [29], [30], [31],
[32], it encounters problems when applied to unknown
object detection in images representing driving scenarios.
Specifically, the high-uncertainty pixels estimated by the
MC dropout often do not match the positions of unknown
objects, especially in complex situations such as driving [17],
[5]. Another uncertainty-estimation approach involves the
simple utilization of the softmax entropy [33]. The softmax
entropy can be easily calculated from the predicted proba-
bilities generated from a segmentation network. To facilitate
unknown object detection in driving scenarios, the use of the
maximum logit instead of softmax entropy has been found
to improve detection performance [34]. In addition, a recent
study [4] has revealed that standardizing the maximum logit
can further improve performance.

III. PROPOSED METHOD

Our proposed method builds on a semantic-segmentation
network with a sigmoid head. This method leverages the
properties of the sigmoid output to define the unknown ob-
jectness scores. Fig. 2 presents an overview of the proposed
method. An input image is first fed to the segmentation
network, the output of which provides unknown scores and
objectness scores (Sec. III-A). Then, the unknown objectness
scores are defined by combining these two scores (Sec. III-
B). In addition, we introduce a loss function to reduce false
positives in boundary regions (Sec. III-C).

A. Unknown Scores

State-of-the-art methods for performing pixel-wise
anomaly detection in driving scenarios are often developed
considering a semantic-segmentation network. In these
networks, the labeled data facilitate a pixel-level semantic
understanding, which is essential for detecting unknown
object pixels. The proposed method is likewise built on
a semantic-segmentation network. However, unlike most
methods that adopt a softmax head in the output of the final
layer, the proposed method adopts a sigmoid head.

The predicted probabilities obtained using the sigmoid
head can be considered as a result of K binary classifiers,
where K denotes the number of classes. In this setting,
an unknown pixel can be detected as a pixel with low
predicted probabilities for all predefined classes. Semantic-
segmentation labels are usually assigned to nearly every
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Fig. 2. Overview of the proposed method. The input image is fed to a semantic-segmentation network with a sigmoid head. Unknown objectness scores
are obtained from the sigmoid outputs by combining unknown and objectness scores.
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Fig. 3. Venn diagrams comparing between the unknown score (Eg. 1)
and the unknown objectness score (Eg. 2). Typical objects and backgrounds
indicate predefined semantic-segmentation classes, while unknown objects
and backgrounds indicate ones that are not fall into the predefined classes.
Road obstacles are classified into unknown objects.

pixel, thereby suggesting that the K classes cover all fore-
ground objects and backgrounds that could typically appear
in images captured while driving. Therefore, a pixel with low
predicted probabilities for all predefined classes is atypical;
that is, it represents an unknown pixel. This is illustrated in
the Venn diagram in Fig. 3(a). Given the predicted probabil-
ities of pixel i as pik (k ∈ {1, . . . ,K}), the corresponding
unknown score can be defined as

Si =

K∏
k=1

(1− pik). (1)

A well-trained segmentation model can assign a high prob-
ability, that nearly equals one, to pixels corresponding to
a predefined class, while the corresponding unknown score
nearly equals zero. On the other hand, the predicted pixel
probabilities in an unknown region remain small with corre-
spondingly large unknown scores.

B. Unknown Objectness Scores

The unknown score defined in Eq. 1 can be used to
detect pixels in unknown regions, not just unknown object
pixels. However, as with other pixel-wise anomaly-detection
methods, this generic unknown scores tends to be unstable
when applied to road obstacle detection. Therefore, in this
subsection, we extend the unknown score by incorporating
the object detection fashions. Because road obstacles are
naturally classified as objects, this strategy can be expected to
be effective to achieve stable performance. We first define the
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Fig. 4. Examples of labels for three typical types of pixels. This figure
shows three pixels i, j, k corresponding to a car, a road and a road obstacle
pixels, respectively. Pixel i is assigned to both the vehicle and object classes,
while pixel j is assigned to the road class only, because cars are objects,
and roads are not. Pixel k is assigned to the object class only, because
road obstacles do not fall into any of the predefined classes, while they are
objects.

pixel-wise objectness score poi , which measures how much
pixel i is object-like. Pixels of road obstacles are expected
to possess high objectness scores.

To define poi , we make an object class by merging the
foreground classes among classes predefined in semantic
segmentation. poi is defined by the predicted probability of
the object class. By adopting the sigmoid head, it is possible
to assign labels of both a predefined class and the object
class to a single pixel at the same time. Figure 4 illustrates
how to make such labels more concretely. Considering the
objectness score poi , the unknown score defined in Eq. 1 can
be extended as follows.

Si = poi

K∏
k=1

(1− pik). (2)

This score is referred to as the unknown objectness score.
As represented in Eq. 2 and the Venn diagram in Fig. 3(b),
unknown objects can be detected as labels that are neither
backgrounds nor typical objects, but are objects. As a result,
we can focus on the more promising regions in an image
where road obstacles could be located. This facilitates a
reduction in the number of false-positive predictions.

In addition, the proposed method can use OoD data
optionally for supervision. Specifically, if we obtain images
that contain road obstacles and corresponding labels, we
can use them for supervision by assigning the only object
class to pixels corresponding to the road obstacles. Figure 4
shows label yk of pixel k corresponding to a road obstacle
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pixel. yk has all 0 for elements of the predefined classes
and 1 only for the element of object class. In practical
scenarios, it is common to have a limited number of road
obstacle images, yet there is a desire to improve detection
performance using these images. However, introducing a
new class for road obstacles can result in a class imbalance
issue. In the proposed method, road obstacle labels are used
to emphasize the difference between typical and unknown
objects (Fig. 3). This approach obviates the need for a new
class and concurrently enhances detection performance.

C. Boundary-aware Binary Cross-entropy Loss

The flexibility of the sigmoid head could lead to an
inherent disadvantage when evaluating the boundary regions
in an image. Whereas a segmentation classifier may confuse
between at least two classes in boundary regions, a sigmoid
classifier allows these regions to be assigned to two classes
simultaneously. This increases the unknown scores of these
regions and results in false-positive predictions. To overcome
this disadvantage, we assign additional weights to the binary
cross-entropy (BCE) loss incurred in the boundary regions.
The loss function Ln is expressed as

Ln = − 1

N

N∑
i=1

∑
k∈C

f(yik, pik)−
λ∑
i δi

N∑
i=1

δi
∑
k∈C

f(yik, pik),

(3)

where f(y, p) = y log p + (1 − y)(1 − log p). In the above
equation, the first term on the right of the equality indicates
the standard BCE loss, and the second term indicates the
additional boundary-aware loss. N denotes the number of
pixels in image n, yik denotes the label, and C denotes the
set of classes that comprise the K predefined classes and
the object class. Moreover, δi = 1 when pixel i lies in the
boundary regions; in all other cases, δi = 0. The term λ
controls the weights of the boundary-aware loss.

IV. EXPERIMENTS

A. Experimental Setup

Implementation Details. In this study, the experiments
were performed using DeepLabv3+ [8] with the ResNet50
backbone [35]. The segmentation model was trained using
the Cityscapes dataset [36]. The optimizer used was SGD
with a momentum value of 0.9 and weight decay of 0.0001.
The initial learning rate was 0.01, and the “poly” learning
rate policy was used with the power set to 0.9. The value of
λ was set to three.
Datasets. The performance of the proposed method was
evaluated using three datasets comprising driving scene im-
ages that contain unknown road obstacles. We first used the
LostAndFound dataset [37], which is widely used and con-
tains temporally sequential images with annotations of small
unknown objects. The test set used in this study comprises
1,203 images. Next, we used the Fishyscapes Validation set
[38], which comprises 100 images. This set is a subset of
the LoadAndFound dataset and was created by selecting a
suitable set of sequential images capturing a driving scene.

The images in this dataset contain additional annotations for
pixels assigned to classes not considered in the Cityscapes
dataset. Furthermore, we used the road anomaly dataset
[17], which comprises online images depicting a variety of
unknown objects, such as animals and rocks. This dataset
contains 60 images depicting a variety of driving scenes,
which are not limited solely to urban cityscapes. The images
in this dataset contain objects of various sizes and roads
under various conditions. Identifying unknown objects from
this dataset is, therefore, challenging.
OoD Data. The state-of-the-art method proposed in [6]
uses the “void class” in the Cityscapes dataset as OoD data
for model training. The “void class” is typically used to mask
objects not assigned to any predefined class. Therefore, they
can be considered pixels of unknown objects. Following this
procedure, the “void class” was used as the OoD data in
the comparison between methods using OoD data. [39], [6],
[40].
Baselines. Existing methods can be classified as those that
use OoD data for supervision [39], [6], [40] and those that
do not [33], [34], [5], [4]. To evaluate the performance of
the methods proposed in [5], [6], [4], we used the source
code implemented by the respective authors. The remaining
methods were evaluated using the segmentation model and
backbone identical to those considered in this study.
Evaluation Metrics. We used three metrics widely adopted
in existing research concerning obstacle detection studies.
The first is the area under the ROC curve (AUROC), which
plots the true-positive rates against the false-positive rates
at various threshold settings. The second corresponds to
average precision (AP), i.e., the area under the precision–
recall curve. The third metric corresponds to the false-
positive rate at 95% true-positive rate (FPR95).
Evaluation using the LostAndFound dataset. The test
images in LostAndFound contain not only road obstacles but
also other unknown objects. However, this dataset provides
annotations for road obstacles exclusively. In other words,
regardless of the identification of pixels corresponding to
an unknown object, if those pixels do not indicate a road
obstacle, they are considered false positives. Therefore, ad-
ditional processing is required to mask unknown objects
other than road obstacles, thereby facilitating appropriate
evaluation. Following existing studies [17], [5], we utilized
the ground-truth annotations to mask all pixels except those
corresponding to the road and obstacles thereupon.

B. Evaluation Results

Table I presents the experimental results obtained by
applying the proposed method to the LostAndFound Test,
Fishyscapes Validation, and Road Anomaly datasets. The
performances of the candidate methods are first compared
considering the setting without OoD data. Among the five
methods presented in the top row of Table I, the proposed
method outperforms the other approaches when applied to
the LostAndFound Test and Road Anomaly datasets. SML
[4] demonstrates better performance than our method on the
Fishyscapes Validation dataset, but its performance is inferior
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TABLE I. Performance comparison between proposed and existing methods.

Methods OoD LostAndFound Test Fishyscapes Validation Road Anomaly
Data FPR95↓ AP↑ AUROC↑ FPR95↓ AP↑ AUROC↑ FPR95↓ AP↑ AUROC↑

Softmax Entropy [33] 19.45 39.58 95.40 30.55 7.92 91.38 70.93 17.06 69.35
Max Logit [34] 16.44 53.06 96.91 30.74 12.59 93.89 68.03 18.64 72.82

Ohgushi et al. (2020) [5] 14.06 50.68 97.16 36.86 6.07 90.83 67.64 20.25 71.92
SML [4] 35.51 39.65 92.87 14.53 36.56 96.34 50.91 25.32 81.37

Ours (w/o OoD data) 3.92 81.50 98.94 27.92 25.88 93.81 44.15 48.41 89.21
Outlier Exposure [39] ✓ 15.76 70.21 97.80 36.94 22.64 93.45 67.83 19.71 70.61

Outlier Head [40] ✓ 13.92 73.24 97.61 32.18 24.32 94.04 71.41 24.30 73.45
SynBoost [6] ✓ 22.04 78.64 96.63 46.43 48.11 94.72 66.15 35.52 81.16

Ours (w/ OoD data) ✓ 1.17 87.74 99.52 24.63 48.96 95.10 45.37 49.07 88.78

TABLE II. Comparison between the results of the unknown scores (US) defined in Eq. 1 and the unknown objectness scores (UOS) defiend in Eq. 2.

Methods LostAndFound Test Fishyscapes Validation Road Anomaly
FPR95↓ AP↑ AUROC↑ FPR95↓ AP↑ AUROC↑ FPR95↓ AP↑ AUROC↑

US (w/o OoD data) 29.49 33.96 93.83 43.92 32.19 91.53 72.73 23.26 70.64
UOS (w/o OoD data) 3.92 81.50 98.94 27.92 25.88 93.81 44.15 48.41 89.21

US (w/ OoD data) 18.18 69.86 96.99 37.25 49.38 93.94 68.88 33.74 77.88
UOS (w/ OoD data) 1.17 87.74 99.52 24.63 48.96 95.10 45.37 49.07 88.78

to that of our method by a large margin on the LostAndFound
Test set. The performance of the methods presented at the
bottom of Table I were compared under the OoD data setting.
The proposed method demonstrates the best performance for
all the datasets.

C. Effectiveness of Objectness Scores

Table II shows the comparison between the results of the
unknown scores defined in Eq. 1 and those of the unknown
objectness scores defined in Eq. 2. We can see that most
of the evaluation metrics are improved by considering the
objectness scores, both with and without using OoD data.
In particular, FPR95 values are significantly reduced due to
the reduction of false positive predictions in the background
regions. On the other hand, when pixels corresponding to
road obstacles have low objectness scores, it can lead to
reduced true positive predictions. In fact, this is the reason
why AP values of the unknown objectness scores are slightly
lower than those of the unknown scores for the evaluation
using Fishyscapes Validation.

D. Grouping of Original Classes

Although labelled data with 19 classes are generally used
in the Cityscapes dataset, these classes can be grouped into
seven large categories—“road,” “flat(w/o road),” “human,”
“vehicle,” “construction,” “object,” and “background” [36].
Table III presents the performance of the proposed approach
when applied to the Fishyscapes Validation set between
considering the grouped 7 and the original 19 classes under
the with and without OoD data settings. As can be seen,
the proposed method demonstrates better performance when
trained using 7 rather than 19 classes. This is because some
of the 19 classes are rare classes that do not appear frequently
in the training data. Pixels corresponding to such classes are
often ambiguously predicted under other similar classes. This
indicates that such pixels are more likely to achieve higher
unknown scores and yield false-positive results. Therefore,

TABLE III. Comparison between training results obtained considering the
original 19 Cityscapes and 7 grouped classes.

Methods OoD Fishyscapes Validation
data FPR95 ↓ AP ↑ AUROC ↑

Ours w/ 19 classes 27.92 25.88 93.81
Ours w/ 7 classes 25.49 32.43 93.82
Ours w/ 19 classes ✓ 24.63 48.96 95.10
Ours w/ 7 classes ✓ 9.85 66.11 98.26

TABLE IV. Comparison of Cityscapes mIoU values.

Methods OoD data Cityscapes mIoU
Softmax Entropy [33] 77.74
Outlier Exposure [39] ✓ 68.83

Outlier Head [40] ✓ 77.27
Ours ✓ 76.85

incorporating rare classes under a large category can facilitate
a reduction in the prediction ambiguity among similar classes
and improve performance.

E. Comparison to Softmax Heads

When segmentation models are trained with a softmax
head, uncertainty scores, such as entropy [33] or max logit
[34] can be used instead of the unknown scores defined in Eq.
1. However, when trained with OoD data, the softmax head
is possible to degrade the segmentation performance. Outlier
Exposure [39] is a technique to yield low maximum softmax
values for OoD data by minimizing the cross-entropy loss
between model predictions and uniform distribution. As
shown in Tab. IV, the mIoU of Outlier Exposure is lower
than the others. The predictions performed using a softmax
head are based on the assumption that each pixel is assigned
to exactly one class. That is, it is not suitable for representing
ambiguous states. On the other hand, predictions performed
using a sigmoid head can be more suitable, because the
sigmoid head allows each pixel to be assigned to multiple
classes simultaneously or not to any classes. In fact, we can
see that the performance degradation of the proposed method
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Fig. 5. Qualitative results for Ourtlier Exposure, Synboost, and the unknown objectness score (UOS).

TABLE V. Comparison between computational times per image required
by different candidate models measured over 100 repetitions of the

experiment.

Methods Computational time per image (ms)
SynBoost [6] 190.97 ± 18.37

Ohgushi et al. (2020) [5] 125.10 ± 4.39
SML [4] 20.79 ± 2.20

Ours 15.57 ± 2.19

is mitigated compared to Outlier Exposure.

F. Comparison of Computational Costs

Table V compares the computational time per image
required by the state-of-the-art methods [5], [4], [6]. All
experiments were performed on a workstation equipped
with Tesla V100 GPUs. To facilitate a fair comparison, the
computational times were measured using the same segmen-
tation model as ours. The methods based on the perceptual
difference [5], [6] require the use of extra networks, hence,
incurring additional computational time compared to other
approaches. The method proposed in [4] also does not require
any extra networks, and thus its computational time is close
to the proposed method. However, its computational time is
longer than the proposed method due to the additional post-
processing required.

G. Qualitative Evaluation

Figure 5 presents the qualitative results for Outlier Ex-
posure, SynBoost, and the unknown objectness score. It is

evident that the use of the unknown object score significantly
reduces the number of false negative samples compared to
the other two methods. This reduction can be attributed to the
fact that the unknown objectness score explicitly considers
objectness, which substantially lowers the anomaly scores in
the background regions.

V. LIMITATIONS

The performance of the proposed method depends on
the objectness scores. This means that the method’s ability
to detect road obstacles may be compromised if it cannot
recognize the pixels of these obstacles as objects. Therefore,
devising strategies to grasp more universal object concepts
stands as a crucial direction for future research.

VI. CONCLUSIONS

In this paper, we presented a novel method for identifying
unknown objects in images of driving scenarios. The method
is based on a semantic-segmentation network with a sigmoid
head that allows us to obtain objectness scores and predicted
probabilities of predefined classes simultaneously. By incor-
porating the objectness score into the unknown scores, our
method is capable of stably detecting unknown objects in
driving scenes. We demonstrated the effectiveness of our
approach by evaluating it on publicly available datasets and
showing that it outperforms state-of-the-art methods. Our
results indicate that the proposed method has the potential
to enhance the safety of autonomous driving systems by
enabling the detection of unknown road obstacles.
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