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Abstract—TIn this study, we propose a method for automatically
detecting hard examples from unlabeled real-world data that lead
to performance degradation in semantic segmentation models.
The proposed method estimates obstacle regions using geometric
information from a 3D LiDAR and generates obstacle masks
by projecting them onto the image plane. These masks are
compared pixel-wise with the semantic segmentation results,
and a score based on the misclassification rate within obstacle
regions is computed for each image. For evaluation, a semantic
segmentation model trained on data collected at the Ikuta
Campus of Meiji University was applied to unseen real-world
data collected on the Tsukuba Challenge 2025 verification course.
Experimental results confirmed that the proposed method could
effectively identify images with many misclassified obstacle pixels.

Index Terms—hard example, semantic segmentation, visual
navigation, actual environment, LiDAR

I. INTRODUCTION

Outdoor autonomous navigation and autonomous driving
widely rely on sensing results by 3D LiDAR for environment
perception. However, the high sensor cost of 3D LiDAR poses
a barrier to its widespread deployment and practical implemen-
tation. To reduce the sensor cost, visual navigation based on
semantic segmentation [1]-[6] has been proposed. Semantic
segmentation is the task of assigning a class label to each pixel
in an image. In this approach, drivable regions are detected
from input images and used to enable autonomous navigation
that combines road following with obstacle avoidance. As a
result, the navigation performance strongly depends on the
accuracy of semantic segmentation. For example, missed de-
tections of obstacles may lead to overestimation of the drivable
region, thereby increasing the risk of collision. In addition,
inaccurate estimation of the boundary between drivable and
non-drivable regions may cause the robot to deviate from the
intended path and move outside the drivable area. Therefore, a
highly accurate semantic segmentation model is essential for
achieving safe and reliable autonomous navigation.

Previous work [7] reported that models trained on data
collected from the target environment achieved better perfor-
mance within that environment. However, semantic segmen-
tation requires pixel-level annotations, and making ground-
truth labels is highly labor-intensive. To reduce annotation
costs, several studies have proposed semi-automatic dataset
generation methods using 3D scanned data [8]-[12]. However,
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Fig. 1: Hard example mining to train a classifier for segmen-
tation.

efficiently collecting training data that sufficiently reflects
diverse real-world environments still remains a challenging
problem.

To address this challenge, we propose an automatic hard-
example detection method toward a learning framework for
semantic segmentation that focuses on hard examples. An
overview of the learning framework is shown in Fig. 1. In this
framework, hard examples are detected from newly acquired
unlabeled data based on the inference results of a pre-trained
semantic segmentation model, selectively annotated, added to
the training dataset, and used for retraining. The proposed
method is inspired by hard example mining, which has been
widely used in object detection. In object detection, hard ex-
amples can be relatively easily defined because misdetections
can be evaluated at the bounding-box level using training data
with ground-truth labels. In contrast, semantic segmentation
requires hard examples to be detected from newly acquired
unlabeled data, making it difficult to define hard examples
without ground-truth labels.

We introduce a 3D LiDAR during the data collection stage
in addition to a monocular camera, and propose a method
for detecting hard examples corresponding to obstacle classes
using geometric information. Our previous work [13] at-
tempted to detect hard examples using only image information;
however, it was difficult to detect hard examples caused by ob-
stacle classes that occupy small regions and exhibit significant
dynamic changes. Therefore, the proposed method utilizes ge-
ometric information obtained from a 3D LiDAR, which is used
only for hard-example detection. Specifically, obstacle masks
generated from LiDAR point clouds are projected into image
space, and the degradation in obstacle recognition performance
is quantified based on the mismatch between these masks



and the semantic segmentation results. This enables automatic
detection of images with a high proportion of misclassified
pixels in the obstacle class from unlabeled real-world data.

This study is positioned as part of a broader effort to
establish a training strategy based on hard example mining
aimed at improving obstacle recognition performance in se-
mantic segmentation. In particular, we focus on effectively
incorporating misclassified pixels in obstacle regions into the
training process, by investigating both the selection of hard
examples and their application in learning. In this paper, as a
first step, we propose a method that identifies hard examples
based on the proportion of misclassified pixels within obstacle
regions and prioritizes them during training. This approach
allows misclassifications in obstacle regions to be efficiently
reflected in the learning process, thereby improving obstacle
detection performance. The main contributions of this study
are summarized as follows:

o A method is proposed that leverages geometric informa-
tion from LiDAR to automatically detect hard examples
of the obstacle class from unlabeled real-world data.

o A metric is also proposed for identifying hard examples
based on the proportion of misclassified pixels within
obstacle regions.

II. RELATED WORK

In this section, previous studies related to semantic-
segmentation-based autonomous navigation and hard exam-
ple detection are reviewed. First, LIDAR-based autonomous
navigation and multimodal approaches are introduced. Next,
studies on semantic-segmentation-based navigation and hard
example mining are discussed. Finally, previous methods for
hard example detection using only visual information are
presented.

A. LiDAR-based and Multimodal Approaches

LiDAR-based navigation enables highly accurate environ-
ment perception using distance information and has been
widely utilized for tasks such as obstacle avoidance and
traversable area estimation [14]. In addition, multimodal ap-
proaches that integrate LIDAR and camera sensors have been
reported to improve the robustness of obstacle detection and
semantic region segmentation by combining geometric and
visual information [15]. However, these methods require mul-
tiple sensors during inference, leading to increased system and
computational costs.

In contrast, the proposed method does not use LiDAR
during inference and instead utilizes it only as an auxiliary
sensor for hard example detection. By performing the final
navigation task using only a monocular camera, this study
aims to realize a low-cost autonomous navigation system.

B. Visual Navigation based on Segmentation Results

Semantic segmentation-based navigation is a method for
autonomous navigation that estimates traversable and obstacle
regions. Since environment perception can be achieved using

only a monocular camera, it has attracted considerable atten-
tion as a low-cost autonomous navigation approach.

The performance of semantic segmentation strongly de-
pends on the training data, and previous studies have reported
that training with data collected from the target environment
is effective [7]. However, semantic segmentation requires
pixel-level annotations, making dataset construction highly
labor-intensive. Therefore, there is a need for methods that
can efficiently train classifiers adapted to target environments
under limited annotation costs.

C. Hard Example Mining for Semantic Segmentation

Hard example mining is a technique for improving classifi-
cation performance by emphasizing samples that are likely to
be misclassified. It has been widely applied to various tasks,
including object detection. Representative methods include
Online Hard Example Mining (OHEM) [16], which selects
high-loss samples during training. Multimodal approaches
have also been investigated for difficult-region detection and
robust recognition [17]. Recent studies have further extended
hard example mining strategies to representation learning and
dense prediction tasks [18]. In addition, active learning ap-
proaches for semantic segmentation have been investigated to
reduce annotation costs by selectively annotating informative
samples from unlabeled data [19].

However, in semantic segmentation, pixel-level annotations
are required, making it difficult to define hard examples at
the image level. Furthermore, small obstacle regions and class
imbalance often reduce the reliability of loss- or confidence-
based sample selection methods. Moreover, datasets collected
from target environments are often limited and unlabeled, mak-
ing conventional loss-based approaches inapplicable. There-
fore, alternative criteria for hard example detection are re-
quired.

D. Hard Example Detection using Only Visual Information

Previous work [13] proposed a method for detecting hard
examples in semantic segmentation using sequential images.
The method detects performance degradation by measuring
changes in class areas between consecutive frames.

While the method was effective for ground classes such as
roads and sidewalks, it was less effective for obstacle classes
because their regions are typically small and dynamically
changing. These limitations indicate that area-based metrics
alone are insufficient for stable hard example detection in
obstacle classes.

To address this issue, this study introduces a 3D LiDAR as
an auxiliary sensor for estimating obstacle regions geometri-
cally. By integrating point cloud and image data, the proposed
method enables more reliable detection of hard examples in
obstacle classes from unlabeled real-world data.

III. HARD EXAMPLE DETECTION USING AUXILIARY 3D
LIDAR

In this section, we propose a method for detecting hard
examples including obstacle class using LiDAR information.
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Fig. 2: Overview of the proposed method for hard example detection.

First, the overall framework and problem formulation are intro-
duced, followed by the LiDAR-based obstacle mask generation
method and the hard-example detection process.

A. Overview of Proposed Framework

Figure 2 illustrates the overall workflow of the proposed
method. First, a robot equipped with a monocular camera
and a 3D LiDAR simultaneously acquires image and point
cloud data. Next, the semantic segmentation model generates
a prediction map Y from the input image /. Meanwhile, the
point cloud data are processed to generate an obstacle mask
M. Finally, Y and M are compared to compute the misclassi-
fication rate R(I) within obstacle regions. Hard examples are
detected based on the score R(T).

B. Problem Formulation and Definition of Hard Examples

Let the input image, semantic segmentation result, and
LiDAR-based obstacle mask be denoted by I, Y, and M,
respectively. The pixel ¢ in M; is defined as

- J 1 if pixel ¢ is estimated as an obstacle by LiDAR
10 otherwise ’

In this study, a pixel ¢ is considered misclassified if
M;=1 and Y ¢ Cos, (D

where C,,s denotes the set of obstacle classes. That is, the
pixel is labeled as an obstacle by LiDAR but predicted as a
non-obstacle by the segmentation model.

The total number of obstacle pixels and the number of
misclassified pixels are defined as

Nops(I) =Y 1 (M; = 1) ,and 2)

NewlD) =31 (M =1AVi ¢ Cs) . )

i
Thus, the misclassification rate is computed as
N(i’l"!‘ (I)

B = N

“4)

An input image I is regarded as a hard example for the
obstacle class if R(I) > 7. Here, images with Nyps(I) = 0
are excluded from consideration.

This approach enables the automatic identification of sam-
ples that degrade the performance of the semantic segmen-
tation model from real-world data, without requiring manual
annotation. A high value of R(I) indicates that many pixels es-
timated as obstacles by LiDAR are predicted as non-obstacles
by the segmentation model. Therefore, the proposed score
can be used as an indicator of obstacle-recognition failure in
unlabeled environments.

C. Obstacle Mask Generation from LiDAR Output

The point cloud acquired by the 3D LiDAR is first pro-
cessed to remove ground points, and the remaining points
are treated as obstacle points. Patchwork++ [20] is used for
ground removal because it enables robust ground detection
in environments containing slopes and steps. Next, a forward-
distance range filter is applied to the obstacle points to remove
distant points and long-range noise. This focuses the detection
on regions that directly affect the robot’s navigation.

The resulting obstacle points are then projected onto the
image plane using the extrinsic parameters between the LIDAR
and camera, as well as the camera intrinsic parameters. After
projection, a binary mask M is generated by setting the
corresponding pixels to 1, which is used as the obstacle mask.

IV. EVALUATION

In this section, the effectiveness of the proposed method
is evaluated using real-world datasets collected in outdoor
environments. First, the experimental setup and evaluation
metrics are described, followed by the evaluation results and
discussion.

A. Experimental Setup

The semantic segmentation model used in this study was
trained using data collected on the Ikuta Campus of Meiji
University. For evaluation, ROS bags recorded on the Tsukuba
Challenge 2025 verification course were used as test data.
Since the Tsukuba environment differs from the training



environment, the evaluation allows assessment of the proposed
method under unseen real-world conditions.

Although datasets such as Cityscapes could also be used,
their environments differ significantly from those targeted
in this study, resulting in an excessively large domain gap.
Therefore, in this study, evaluation was conducted using data
collected from different locations within outdoor environments
in Japan.

B. Dataset

Data were collected in outdoor environments using a robot
equipped with a monocular RGB camera (640 x 480, ap-
proximately 30 fps) and a 3D LiDAR (Lslidar CH256X [21],
approximately 10 Hz). All images were undistorted using
calibrated camera parameters before LiDAR point projection
and evaluation. Example raw images and ground-truth labels
from each environment are shown in Fig. 3.

The dataset consists of eight classes: Road, Sidewalk, Ter-
rain, Building, Static, Dynamic, Sky, and Vegetation. Since
these are functional categories for navigation, unseen objects
can generally be represented by existing classes such as Static
or Dynamic. Building, Static, Dynamic, and Vegetation are
treated as obstacle classes. The semantic segmentation model
used in this study was PSPNet [22] with a ResNeXt101d [23]
backbone. The model was trained on the Ikuta dataset and
applied to the Tsukuba dataset without additional fine-tuning.

LiDAR point clouds were synchronized using timestamps
and projected onto the image plane using calibrated LiDAR-
camera extrinsics and camera intrinsics. The extrinsic parame-
ters were manually fine-tuned for each scene to align projected
obstacle points with image obstacles. When generating obsta-
cle regions, Patchwork++ and a forward-distance range filter
were applied. The parameters were preliminarily adjusted to
balance the suppression of ground misdetections and long-
range noise.

For evaluation, multiple scene segments were extracted from
the recorded ROS bags. The resulting test dataset consists of
the following scenes:

e Scene 1: A scene containing metallic obstacles that were

frequently missed in previous experiments, consisting of
83 frames.

e Scene 2: A scene near a park crosswalk with frequent
dynamic obstacles (pedestrians and bicycles) and static
obstacles (e.g., chairs). Two frames affected by robot
vibrations when crossing the sidewalk-road step were
excluded, consisting of 51 frames.

e Scene 3: A scene from the front of Kenkyu-Gakuen
Station toward the station entrance, containing small
obstacles, people, walls, and glass surfaces, consisting of
70 frames.

C. Evaluation Metrics

As an evaluation metric, the proportion of pixels within
LiDAR-estimated obstacle regions that are incorrectly pre-
dicted as non-obstacles, denoted by R, is used. Let N5 be
the total number of pixels within obstacle regions, and N,

RGB image

Segmentation GT
(a)Tsukuba dataset

RGB image Segmentation GT
(b)Ikuta dataset

Fig. 3: Examples of the Ikuta dataset used for training and the
Tsukuba dataset used for evaluation.
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Fig. 4: Evaluation results for Scene 1.

be the number of pixels incorrectly predicted as non-obstacles.
Then, R is defined as R = N,/ Nps. For evaluation on real-
world data, the inference results were visually inspected, and
each image was manually labeled with a hard example label
y(I) € {0,1}. Here, y(I) = 1 indicates that the image was
identified as a hard example by human inspection.

By sweeping the threshold 7, the true positives (TP), false
positives (FP), true negatives (TN), and false negatives (FN)
are obtained, and the true positive rate (TPR) and false positive
rate (FPR) are calculated as

TP FP

TP+ FN’ R_FP—FTN' )
From these values, the ROC curve (TPR-FPR) is constructed,
and the area under the curve (AUC-ROC) is used as the
evaluation metric. Since the proposed method depends on the
threshold 7, the threshold is swept to evaluate the trade-off
between true positive and false positive detections. Images
with Ny = 0 are excluded from evaluation to remain
consistent with the definition of the proposed method.

D. Results

The per-frame values of Nops, Neyr, and the score R(I) for
each test dataset are shown in Figs. 4-6. The corresponding

TPR



1.0

20000

17500 0.8

ANNNNNNNNRNY

15000

0.6
12500

10000

Pixel count

0.4

N
AONNNONNNNNNNNY]

7500

ol
N

5000

KKK

0.2

SSNNXF
NN AN\

5

SO
NN\ 3

2500

SN NNNNN\Y

g
0 . SO 0.0
0 1 20 30 40 50
Frame
Hard example (manual) 27 Nops B9 Ne —— R
Fig. 5: Evaluation results for Scene 2.
50000 1.0
M
%/
w
197
40000 7 W 7 08
gl
17 7 7 /ffﬁ
0 v U i o
= i 147777/ 777 T 06
S 30000F WAL Oe m Ui U, 0 -
8 W o L «
— v {99! (913
% 4 Ol Y 215 G52 9%
2 i i s
a 20000( (AL UORRECIIEE doneD dene kﬁ///ﬁﬁ W 7 0.4
o falgl g falgl i P il .
155409 99700999550 95 5 ARaaaaE A9 a5 I/ /|
W 125 PP i 955429 oo - e 00 ool
¥ 593, oo EaeR9955004995) e v
Y vy o A55elA ) 29 99 i i
10000[ 1/ E AN e, T T e 1o
¥ wosy 997,99 veorr XA A PRC 1 Al 9 n gt o ) A
/) VRl B | aglndang | el ian e e G 45 AR 500 ¢
v 9| pa o R
4 X0y oAy dgycitnel’| 1)
0 - 0.0
0 10 20 30 40 50 60 69
Frame
Hard example (manual) 27 Nops B0 Ne —— R

Fig. 6: Evaluation results for Scene 3.

ROC curve and AUC-ROC are presented in Fig. 7.

In Scene 1, as shown in Fig. 4, images with scores R
greater than or equal to 0.2 are all classified as hard examples.
However, some images with R < 0.2 are also identified as
hard examples. An example is shown in Fig. 8, where ground
regions are misclassified as obstacles.

In Scene 2, as shown in Fig. 5, images classified as hard
examples tend to exhibit relatively high scores R. However,
among frames 5-22, some images not labeled as hard exam-
ples still have scores near 1.0. Indeed, as illustrated in Fig. 9,
most of these images contain very few obstacles.

In Scene 3, as shown in Fig. 6, the maximum score R for
images classified as hard examples is generally around 0.5,
which is lower than in the other two scenes. An example of
a hard example is frame 23, shown in Fig. 10. In this frame,
parts of the building on the left and the pole on the right are
misclassified as non-obstacles.

Finally, the ROC curve is shown in Fig. 7. The AUC-
ROC exceeds 0.8 in scenes with relatively low noise levels,
while in scenes containing significant noise, it remains around
0.6. These results indicate that the proposed score R can
discriminate hard examples from normal samples to some
extent.

E. Discussion

First, in Scene 1, some hard examples were not detected
even though they affect navigation. As shown in Fig. §,
these cases included situations where ground regions were

10 ROC curve (score: R)
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Fig. 7: ROC curves and AUC-ROC values for each evaluation
scene.
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Fig. 8: Example image from Scene 1 labeled as a hard example
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misclassified as obstacles. Since the score R only considered
misclassifications within obstacle regions, errors in ground
regions were not reflected in the score. Consequently, some
hard examples remained undetected.

Second, in Scene 2, several frames exhibited scores close to
1.0 despite not being labeled as hard examples. This occurred
because N,ps was very small, such that even a small number
of misclassified pixels resulted in a high value of R. In many
of these frames, LiDAR point cloud noise was detected as
obstacles, artificially increasing the score. Therefore, LiDAR
noise could reduce the reliability of hard example detection.

Third, in Scene 3, obstacles made of glass were not detected
by LiDAR. Since LiDAR beams could pass through glass
surfaces, these regions were not included in the obstacle mask
used to compute R. As a result, even when such regions were
misclassified, the score remained relatively low. This suggested
that obstacles that were difficult to detect using LiDAR could
reduce the effectiveness of the proposed method.

Overall, these observations indicate that the performance of
the proposed method is affected by several factors, including
ground-region misclassification, LiDAR noise, and obstacles
with poor LiDAR detectability. Possible improvements include
incorporating image-based cues together with LiDAR infor-
mation, applying temporal filtering to suppress transient point
cloud noise, and introducing normalization or obstacle-size
constraints to reduce the influence of sparse LiDAR detections.

In addition, the current evaluation was conducted using
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multiple scenes from the Tsukuba Challenge course only.
Therefore, further evaluation on diverse environments and
datasets will be necessary to investigate the robustness and
generalization capability of the proposed method.

V. CONCLUSION

In this study, we proposed a method for automatically
detecting hard examples in obstacle classes for semantic
segmentation using geometric information obtained from a
3D LiDAR in addition to a monocular camera. The proposed
method uses the misclassification rate within LiDAR-based
obstacle regions as a score for hard-example detection.

For evaluation, a model trained on data collected at the
Ikuta Campus of Meiji University was applied to unseen
real-world data collected on the Tsukuba Challenge 2025
course. Experimental results demonstrated that the proposed
method could detect hard examples from unlabeled real-world
data. Furthermore, ROC curves and AUC-ROC confirmed the
effectiveness of the proposed score.

Several limitations, including ground-region misclassifica-
tion and LiDAR noise, were also identified. Future work
includes improving hard-example detection accuracy and in-
vestigating learning strategies that utilize the detected hard
examples.
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