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Abstract—Obstacle detection using semantic segmentation has
become an established approach in autonomous vehicles. How-
ever, existing segmentation methods, primarily developed for
ground vehicles, are inadequate in an aquatic environment
as they produce many false positive (FP) detections in the
presence of water reflections and wakes. We propose a novel
deep encoder-decoder architecture, a water segmentation and
refinement (WaSR) network, specifically designed for the marine
environment to address these issues. A deep encoder based on
ResNet101 with atrous convolutions enables the extraction of rich
visual features, while a novel decoder gradually fuses them with
inertial information from the inertial measurement unit (IMU).
The inertial information greatly improves the segmentation accu-
racy of the water component in the presence of visual ambiguities,
such as fog on the horizon. Furthermore, a novel loss function
for semantic separation is proposed to enforce the separation of
different semantic components to increase the robustness of the
segmentation. We investigate different loss variants and observe
a significant reduction in false positives and an increase in true
positives (TP). Experimental results show that WaSR outperforms
the current state-of-the-art by approximately 4% in F1-score on a
challenging USV dataset. WaSR shows remarkable generalization
capabilities and outperforms the state of the art by over 24% in
F1 score on a strict domain generalization experiment.

Index Terms—obstacle detection, unmanned surface vehicles,
deep learning, semantic segmentation, separation loss

I. INTRODUCTION

DVANCES in field robotics and mobile sensors have

led to the development of unmanned surface vehi-
cles (USVs). These autonomous vehicles are typically small,
portable (up to two meters), and equipped with low-power
sensors for missions with long endurance. These character-
istics make them ideal for use in confined harbours and
inspection of hard-to-reach hazardous areas (e.g., near dams).
Safe and uninterrupted navigation during missions requires a
high degree of autonomy. Thus, the USV must be able to
sense the immediate environment and avoid collisions with
obstacles in time. For this task, larger boats typically use
heavyweight and expensive range sensors (e.g. RADAR [1],
LIDAR [2], SONAR [3]), while smaller boats typically
rely on more affordable alternatives - cameras combined with
computer vision algorithms [4], [5], [6], [7], [8].

A typical USV environment is dynamic and constantly
changing, which makes classical background subtraction meth-
ods [7] inappropriate due to a high false positive detection rate.
Stereo-based reconstruction methods [9], [8] better address
the dynamic environment, but require a sufficiently textured
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Fig. 1: Architecture of the proposed WaSR network. The
encoder generates rich deep features that are gradually fused
in the decoder with a IMU feature channel to improve water
edge detection and estimation. A semantic separation loss
£§f computed at the end of the encoder drives discriminative
feature learning, further reducing false positives and increasing
true positives.

scene and a sufficiently large stereo baseline. Calm, poorly
textured water leads to inaccurate ground plane estimation and
detection failure. Hand-crafted semantic segmentation meth-
ods based on fitting structured models to the image [4], [10],
[6] have achieved excellent obstacle detection. However, these
approaches rely on simple features that cannot fully capture
the diversity of the scene appearance. Segmentation quality
deteriorates especially in the presence of visual ambiguities
and reflections [10].

Rich features can be learned by deep convolutional neural
networks, and indeed developments in autonomous ground
vehicles (AGVs) [11], [12], [13], [14] have shown remarkable
semantic segmentation results. Recent studies [15], [16] show
that these networks cannot be readily applied to USVs due to
many differences between the AGV and USV domains. The
most obvious difference is that the traversable surface in a
maritime domain (i.e., water) is not flat, is dynamic, varies sig-



nificantly in appearance, and is strongly influenced by weather
conditions. Studies show that the networks tend to produce
many false positives and often miss small obstacles, which is
both ineffective and dangerous for real-world applications.

To address the discussed perception challenges specific to
the USV environment, we propose a novel encoder-decoder
architecture, WaSR (Figure 1). The network fuses encoded in-
ertial data from IMU with visual information at multiple levels
of the decoder to improve the accuracy of water segmentation
and obstacle detection in the presence of visual ambiguities
such as haze on the horizon. Moreover, a new loss computed
on the deep encoder features enforces an efficient and compact
feature coding of the different water phenomena and separates
them from the features corresponding to obstacles. A prelim-
inary version of the network was published in [17].

We claim the following three contributions. The first con-
tribution is a new encoder-decoder architecture with multiple
fusion modules in the decoder, which account for a wide range
of water appearances and reduce the amount of FP detections.
The fusion modules are responsible for combining the inertial
information encoded as Euler angles with the RGB image data.
Therefore, in our second contribution we propose three tech-
niques to encode the inertial measurements as feature channels
adapted for the fusion modules. Our third contribution is a
new loss function that clusters features of a given semantic
component into a compact cluster and separates them from
the features of the remaining semantic components. Clustering
multiple semantic components improves sensitivity (clustering
water features) or specificity (clustering obstacle features). Ex-
tensive experimental results on the most challenging datasets
currently available [10], [18] show that WaSR significantly
outperforms all state-of-the-art methods in obstacle detection
and water edge estimation, and generalizes better to new
environments and hardware not used in training.

This paper goes beyond our preliminary work [17] by
proposing a new fusion block that significantly reduces the
false positive rate. We propose and analyze several IMU
encoding techniques and propose a more advanced semantic
separation loss that further reduces the false positive rate and
improves the generalization ability of the network. We provide
a more detailed analysis and comparison with the state of the
art and perform a new network generalization analysis.

The remainder of this work is organised as follows. Sec-
tion II reviews and discusses the most closely related work.
An overview of the entire obstacle detection pipeline is
given in Section III. Datasets and the evaluation protocol are
presented in Section IV, along with a detailed experimental
evaluation and ablation study. Section V gives an overview
of the main results and indicates possible future research
directions.

II. RELATED WORK

Over the past decade, cameras have emerged as powerful
and affordable obstacle detection devices [19], [4], [5], [6], [7],
[8], [20], [21]. Although autonomous marine robotics is still a
relatively young research field, numerous hand-crafted image
processing methods have already been proposed for obstacle

detection. The evaluation of background subtraction methods
on a marine domain [7], has shown that the misleading
dynamics of water cause a large amount of false positive detec-
tions. Moreover, classical background subtraction methods are
not suitable for USVs because the undulating sea constantly
rocks the USV, changing its viewing angle and violating the
assumption of a static camera.

Stereo reconstruction techniques such as [22] and [23] can
detect obstacles that protrude clearly through the water surface.
A problem arises in calm seas where the water has no texture
and a 3D reconstruction of the water surface is severely
compromised, leading to false detections. Muhovic et al. [8]
have addressed this drawback by using an on-board IMU to
correctly approximate the water surface even in calm seas.
However, stereo reconstruction cannot detect partially sub-
merged obstacles, and detection of distant obstacles requires
an increase in stereo baseline, which negatively affects the
stability of the USV.

Bai et al. [24] proposed a ship detection method based
on infrared images. The method successfully and accurately
detects various ships, but cannot detect arbitrary objects that
do not emit enough heat and are thus invisible to the infrared
camera. Kristan et al. [4] proposed a semantic segmentation
method based on fitting structured models to the RGB image,
which is able to detect both partially submerged obstacles and
those protruding through the water surface. Bovcon et al. [10],
[6] extended this method with a stereo camera system and an
IMU sensor to improve the accuracy of water edge estimation
and reduce the number of false-positive detections caused by
sun glint and sea foam. Yang et al. [25] have extend [4] by a
pre-segmentation module for online adjustment of priors and
to further improve the overall segmentation. Despite achieving
state-of-the-art results, approaches [4], [10], [6], [25] rely
solely on simple visual features that are not expressive enough
to reliably address the diversity of a marine scene, resulting
in poor segmentation in the presence of visual artifacts on the
water such as wakes, sea foam, glitter, and reflections.

Deep convolutional neural networks (CNNs) enable the
learning of rich features specialized to the target task, and sev-
eral works have considered the application of general-purpose
detection CNNs to the aquatic domain. Lee et al. [26] and
Yang et al. [25] applied a state-of-the-art deep classifier [27]
to detect and classify different types of vessels. Ma et al. [28]
extended a Faster R-CNN [27] classifier with ResNet [29]
backbone and improved the existing DenseNet [30] block by
adding trainable weight parameters to each skip connection.
The method achieved state-of-the-art classification on their
private dataset. A drawback of category-specific object detec-
tion methods (i.e., [26], [25], [28]) is that they cannot detect
arbitrary obstacles that were not included in the training phase.

Segmentation-based CNNs are better than object detection
CNNs for detecting general obstacles, but these methods are
notoriously data hungry and require large and meticulously
annotated datasets for training. Several marine datasets have
been proposed [31], [10], [18], [32], [16], [21], but few
are annotated per pixel, i.e., [32], [16], [21]. Of these, [21]
contain annotations only for the water region and [32] is a
semi-automatically segmented collection of sequences from



SMD [18] — however, the annotations were made for training
classifiers and are not accurate enough for training segmen-
tation networks. MaSTr1325 [16] was specifically designed
for training segmentation networks and is currently the only
publicly available diverse maritime dataset with accurate an-
notations of the water, obstacle, and sky pixels for training
large segmentation-based networks.

Two studies [15], [16] have evaluated general deep seg-
mentation networks from the AGV domain on the task of
obstacle detection in maritime surveillance. Cane et al. [15]
used a filtered ADE20k [11] dataset for training and several
maritime datasets (MODD [4], IPATCH [31], SEAGULL [33],
and SMD [18]) for evaluation. Their study benchmarked
three popular deep segmentation networks of varying com-
plexity: SegNet [34], ENet [35], and ESPNet [36]. SegNet
achieved the highest overall accuracy and precision, followed
by ENet, while ESPNet was better at correctly classifying
objects. Bovcon et al. [16] trained a disjoint set of widely
used segmentation networks (PSPNet [37], DeepLab2 [38]
and UNet [39]) on MaSTr1325 and evaluated them on the
challenging MODD?2 [10] dataset. The DeepLab2 architecture,
which has a deep encoder with atrous convolutions, produced
the most promising results. Nevertheless, both studies [16],
[15] showed consistent drawbacks in water segmentation ac-
curacy and misclassification of small obstacles, leading to
the conclusion that water environment-specific segmentation
architectures are needed. These have only recently emerged.
Kim et al. [40] applied skip-connections and whitening layers
to E-Net [35] to improve segmentation accuracy of small
obstacles and reported improvements over DeepLab3+ [14]
on their private dataset. Steccanella et al. [21] enhanced the
U-Net [39] architecture with depth-wise convolutional layers
and reported state-of-the-art performance on the IntCatch [21]
dataset. This network, however, attempts to separate the water
from the rest of the environment, which in turn leads to
problems in the presence of reflections where regions of the
water have very similar visual information to the environment
above the water surface. Zhan et al. [41] proposed an online
adaptation of their network from external measurements and
super-pixel clustering. While their method requires accurate
initialization and time-consuming non-autonomous calibra-
tion, they report state-of-the-art performance on their private
dataset.

The network proposed in this work builds on the best
practices of published methods and goes beyond the state of
the art in several ways. We use a DeepLab2 encoder as a
starting point for our work, as it has shown great promise [16].
Inspired by [10], [6], we introduce inertial sensor information
into the network to improve the accuracy of water edge
estimation in the presence of visual ambiguities. For the fusion
of inertial and visual data, we have developed a novel decoder
that, in combination with a carefully designed loss function,
refines the segmentation. This in turn enables the detection of
small and distant obstacles, which is currently one of the main
drawbacks of existing networks [15], [16].
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Fig. 2: Three IMU feature channel encoding methods calcu-
lated from the estimated horizon line (yellow dotted line).
Zero, positive, and negative values in the channels are shown
as blue, cyan, and red, respectively.

III. THE WASR NETWORK ARCHITECTURE

The proposed water segmentation and refinement obstacle
detection network (WaSR, shown in Figure 1) consists of
an encoder path and a decoder path. The encoder computes
rich features at different levels of detail, while the decoder
fuses inertial and visual information and increases the spa-
tial resolution of the segmentation output. In the following,
we describe the encoder for inertial measurements in Sec-
tion III-A, the image encoder in Section III-B, and the decoder
in Section III-C. A novel semantic separation loss function is
presented in Section III-D, and Section III-E describes the
segmentation postprocessing procedure.

A. The inertial measurements encoder

The IMU information has been used in previous works [10],
[6] with some success to improve obstacle detection in hand-
crafted algorithms. In particular, the IMU-camera geome-
try [10] allows horizon projection into the image to constrain
water edge estimation. In a convolutional neural network, a
natural IMU encoding is a feature channel with pixel values
set according to the horizon location, which can serve as a
prior water probability. However, it is unclear what is the best
method for channel encoding of this probability.

We therefore investigate three IMU feature channel en-
coding methods, all of which are based on computing the
horizon location by the projection model from [10]. The
first method (LIN) draws a thick line of pixels with value
one on the horizon, while the remaining pixels are set to
zero. The second method (DST) encodes a signed distance
to the horizon, i.e., each pixel above the horizon is assigned a
positive distance, while pixels below the horizon are assigned
a negative distance. The third method (BIN) creates a binary
mask where all pixels below the horizon are set to one and
the others are set to zero. Examples of the three IMU feature
channel encoding methods are shown in Figure 2.



B. The image encoder

Encoding a diverse water appearance requires significant
capacity of the encoder network. Following our recent analysis
of different architectures [16], we chose a general-purpose
segmentation backbone from [38], i.e., a ResNet101 [29] with
atrous convolutions. Specifically, the model consists of four
residual convolutional blocks (res2, res3, res4 and res5) in
combination with max-pooling layers (see Figure 1). Hybrid
atrous convolutions [42] are added to the last two blocks
to increase the receptive field and encode a local context
information into deep features.

C. The decoder

The task of the decoder is to fuse features from the image
encoder and the IMU encoder and refine them into the final
segmentation output (fusion block in Figure 1). The fusion
block considers features from three encoding blocks (res2,
res3, and res5) to leverage the generalization strength of the
coarse resolution res5 features and the details of the high
resolution res2/res3 features.

We build on our preliminary decoder [17] and extend the
fusion block with additional modules to improve segmentation
quality. Its architecture is based on a gradual fusion approach
using Attention Refinement Modules (ARMs), similar to [13],
to learn an optimal fusion strategy for different value scales
between the IMU and the different visual feature channels.
First, the encoded E5 features are simultaneously input to the
pruned Atrous Spatial Pyramid Pooling [38] (ASPP) with
three pyramid layers and the ARM1 module (Figure 3). The
pruned ASPP module applied to coarse resolution E5 features
is used to refine segmentation of small maritime structures,
while the ARMI1 block handles fusion and reweighting of
visual and inertial features using global average pooling and
depth reduction with normalization. The resulting features of
the pruned ASPP module and the ARMI1 block are fused
using an adaptive fusion method (Feature Fusion Module,
similar to [13]) called FFM1 (Figure 3), which generates
1,024 feature channels. These features are further fused with
the encoded E3 features and the IMU channel by another
ARM block, which we call ARM2 (Figure 3). ARM2 first
applies an ARM1 block to fuse the IMU-channel and the E3
features from the encoder. This is followed by a set of 1 x 1
convolutions to double the number of feature channels, which
are summed per channel with the features from the FFM1 at
the bottom of the decoder. Finally, the refined and reweighted
features from the ARM2 block, along with the encoded F»
features and the feature channel IMU, are fed to the second
Feature Fusion Module, which is called the FFM (Figure 3).
The FFM implements more complex fusion pathways than
ARM and is used to combine the ARM?2 low-level and Es
high-level features. In particular, the ARM2 output features
are up-sampled and concatenated with the Fs features and
the IMU feature channel. The depth of the resulting feature
channels is halved by a 3 x 3 convolution block and normalized
by a batch normalization block. A weight vector is computed
similarly to ARM1 and used to reweight the features, leading
to feature selection and fusion.
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Fig. 3: The attention refinement modules ARM1, ARM2 and
the feature fusion modules FFM, FFM1 adjust the scaling of
the heterogeneous input feature channels and gradually fuse
inertial and visual information in the fusion block. The encoder
features, horizon feature channel, and decoder features from
the previous layer are denoted as E, H and D, respectively.

The output of the decoder fusion block (Figure 1) is finally
processed to extract per-pixel semantic labels. Our recent
study [16] has shown that Atrous Spatial Pyramid Pooling [38]
(ASPP) leads to significant improvements in the segmentation
of small maritime structures while incurring only a small
computational overhead. Therefore, the ASPP block followed
by a softmax is added as the last block in our decoder. The
resolution of the output is one-fourth of the input resolution,
so the output is up-sampled by a factor of four to match the
resolution of the input image.

D. Enforcing separation of semantic features

Care must be taken when designing a loss function for the
maritime environment. While some obstacles may be large, the
majority of pixels in a typical marine scene belong to either
water or sky. This leads to a class imbalance that overwhelms
the classical cross entropy loss [43]. Moreover, the difficulty
of segmentation varies greatly between different water regions.
For example, it may be easy to classify regions of slightly
rippled blue water, but it is much more difficult to classify
glitter and reflections of objects as the water component.
Therefore, to adapt the focus of the network to challenging
regions during training, we use a weighted focal loss [44],
Lsoc, adapted for segmentation, and add the classical Lo loss
(Lr,) for weight regularisation [45].

Our recent study [16] has shown that water phenomena such
as glitter and object reflections are a major challenge for water
segmentation networks. While mistaking water for sky is not
a threat, mistaking obstacles for water and vice versa leads
to potential USV collision or frequent false alarms, rendering
the network useless for practical navigation. To avoid this, the
network should ideally learn the encoding in early layers such
that it produces very similar features for a variety of water
appearances and very different features for obstacles. This
facilitates subsequent learning of the classifier in the higher
layers of the network.

We propose to enforce early feature separation by designing
a novel loss. Let {7§};cr, and {z§};cr, be features in
channel c belonging to pixels of semantic components R; and
R, respectively. To enforce a clustering of the R; features,



we can fit their distribution by a Gaussian with per-channel
means{y}.cn, and the variances {0?}.cn,, where N, is
the number of channels, and we assume channel independence
for computational tractability. The similarity of all other pixels
corresponding to the semantic component Ry can be measured
as a joint probability under this Gaussian, i.e.,

plaj}jer) o< [[ eap(=0.5(x5 — u)?/0?). (1)
JER1
c=1:N,.
We would like to enforce learning of features that minimize
this probability. By expanding the equation for the semantic
component R; per channel standard deviations, taking the
logarithm of (1), flipping the sign, and inverting, we get the
following equivalent separation loss
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which clusters the semantic component R; and separates it

from the semantic component Rs. The Np, and Np, are

added as normalisation constants, making the scale indepen-

dent of the number of channels and the number of pixels of

the semantic component in each frame.

Ideally, we would like to separate the semantic components
of water and obstacles as much as possible, so as to reduce
the number of false positive and false negative detections and
improve the safety of autonomous navigation. To this end, we
propose four different variants of loss (2):

1) A water-obstacle separation (WSL) focuses on learning
the appearance of the water component, grouping differ-
ent appearances of water into a tight cluster of features
that is well separated from the obstacle features. The
separation loss is defined as ng = £ where obs and
wat denote obstacles and water semantic components,
respectively.

2) An obstacle-water separation (OSL) focuses on learn-
ing the appearance of obstacles by grouping various
appearances of obstacles into a tight cluster of features
and enforces separation from the water features. The
separation loss is defined as Lgf = L3R,

3) A water-obstacle separation combined with a sky-
obstacle separation (WSSL) tightly clusters features of
the water and sky component and separates them from
the obstacles features. The combined separation loss is

defined as L = L3505 + L35, where sky denotes the
sky semantic component.

4) A water-obstacle separation combined with an obstacle-
water separation (WOSL) groups various appearances of
water and obstacles into two tight clusters that are well
separated from each other. The combined separation loss
is defined as L = £353 + L3

wat obs *
The final loss is a weighted summation of the individual losses,
ie.,

L= Lioe + MLR + oL, 3)

where \; and )\, are the weights.

E. Segmentation post-processing

The WaSR network described in Section III-C outputs a
segmentation mask in which each pixel belongs to exactly
one semantic component (water, sky, or environment). Pixels
labelled water are used to construct the water region mask
as in [10]. The largest contiguous component in the water
region mask represents the navigable surface of the USV, and
its top edge corresponds to the edge of the water. The list of
potential obstacles is obtained by extracting pixel blobs with
environment labels within the water region.

IV. EXPERIMENTAL EVALUATION

This section reports on the analysis of WaSR on public
benchmarks. The datasets and evaluation protocol are de-
scribed in Section IV-A, while the implementation details are
given in Section I'V-B. The different decoder fusion blocks are
compared in Section IV-C, the IMU encoding techniques are
compared in Section IV-D, and the impact of water-obstacle
separation loss is analyzed in Section IV-E. Section IV-F
compares the best-performing WaSR architecture to the state
of the art, and domain generalization capabilities are analyzed
in Section IV-G.

A. Performance evaluation protocol

All tested networks were trained on the MaSTr1325 [16]
dataset, which to our knowledge is the only sufficiently
large and diverse maritime dataset available for training deep
segmentation methods with detailed per-pixel segmentation
masks. The dataset was acquired from an USV equipped with
a compass, LIDAR, GPS, IMU, two side cameras, and a
main stereo camera system Vrmagic VRmMFC which consists
of two Vrmagic VRmS-14/C- COB CCD sensors with a
baseline 0.3m, Thorlabs MVIAWA lens with 3.5 mm focal
length, maximum aperture of f/1.4, and a 132.1° FOV. The
main stereo camera system is connected to the on-board
computer via a USB 2.0 bus, which limits the data flow to
10 frames per second at a resolution of 1,278 x 958 pixels.
The dataset contains 1,325 unique images captured over a
24 month period. The images are time-synchronised with
available on-board sensors and manually annotated per pixel
for three semantic components: Sea, Sky, and Obstacles. The
edges of the semantically distinct components are labelled
with an additional label “unknown” to address annotation
uncertainty and enable automatic exclusion of these pixels
from the learning procedure. Images from the dataset and their
corresponding ground truth annotations are shown in the top
row of Figure 4.

Dataset augmentation is used to increase the generalisation
of the trained networks. From the common approaches to data
augmentation presented in [46], we selected two augmentation
types that fit the maritime domain - vertical mirroring and
central rotations. These augmentations increase the variety of
local textures in the training set. The rotation parameter is
constrained to +{5,15} degrees to prevent the generation
of unrealistic images. We additionally applied an elastic de-
formation to the water component of the training images to
artificially simulate waves and curls. Finally, following [16],



we also applied colour transfer augmentation, resulting in a
total of 54,325 training images.

Performance was evaluated on two very different marine
datasets (MODD2 [10] and SMD [18]) to analyse the trans-
ferability and general applicability of the tested segmentation
methods. MODD?2 [10] was recorded in the coastal region of
the Adriatic Sea, near the Gulf of Koper, Slovenia. It consists
of 28 visually distinct stereo sequences time-synchronised with
IMU measurements. For its acquisition a USV was used for the
recording, with similar technical characteristics as described
above. A wide variety of scenarios within the sequences,
combined with extreme conditions (object mirroring, glint,
and various weather conditions) make this dataset the most
challenging USV dataset publicly available to date. Images
from this dataset are shown in Figure 4 (middle row). Ob-
stacles and water edges in MODD2 [10] are annotated with
bounding boxes and a polygon, respectively. We noticed that
some of the far obstacles in MODD2 were not annotated,
which can bias the number of false positives. We fixed this by
adding the missing annotations. The bounding box annotation
of the large ship that appears in sequence 25 (Figure 4 middle
row, first column) and is entirely located above the horizon,
was removed because it degrades the ground-truth water-
edge accuracy. Following [16] guidelines, only the left camera
images were used for analysis.

The SMD [18] dataset was recorded at different locations
in Singapore harbour. It consists of 66 mono sequences con-
taining the following: On-board footage, On-shore footage and
Near-infrared footage. The on-board and on-shore sequences
were shot with a handheld Canon 70D camera with Canon EF
70-300mm f/4-5.6 lens, while the near-infrared footage was
shot with a modified Canon 70D with Mid-Opt BP800 Near-
IR bandpass filter. Unlike MODD2, SMD includes sequences
taken at dusk, in the middle of the night, and even in light
rain. We selected a subset of 13 challenging sequences (images
in the bottom row of Figure 4) that fit our problem domain
and were taken from a fixed position. Obstacles and water
edges in SMD [18] are annotated with bounding boxes and a
polygon, respectively. Due to a lack of IMU data, we manually
annotated the horizon line in the first frame of each sequence
and use its location to artificially generate inertial data.

Fast and accurate detection is critical for autonomous
systems. To gain speed, all input images were prescaled to
512 x 384 pixel resolution using bi-linear interpolation. At
the chosen resolution, all dangerous obstacles remain visible.
Detected as well as ground-truth obstacles with an area of less
than 5 x 5 pixels (at the original resolution of 1,278 x 958)
were ignored because they are either too small or too far away
to pose a threat to the USV.

Following [16], the standard performance evaluation mea-
sures from [4] are used. The accuracy of water edge estimation
is given by the mean square error computed over all sequences
and measured in pixels. Obstacle detection accuracy, primarily
measured by the number of true positives (TP) and false posi-

tives (FP), is expressed by the precision (Pr = 7555 ), recall
(Re = %) and its harmonic mean, i.e. F1 = r‘;i’gj We

additionally report the average number of true-positive (TPr)
and false-positive (FPr) detections per one hundred images to

MaSTr1325

MODD2

SMD

Fig. 4: MaSTr1325 [16] (top), MODD2 [10] (middle) and
SMD [18] (bottom) datasets exhibit large scene and appear-
ance variability.

give a better insight into the amount of detections triggered.

B. Implementation details

All networks were trained for 10 epochs with early stopping
using the RMSProp optimizer [47] with a momentum 0.9, an
initial learning rate 10~* and standard polynomial reduction
decay of 0.9. The chosen values of the hyperparameters
follow good practice and are commonly used in deep learning
approaches. Based on a preliminary study, the loss weights
from Equation (3) were set to A\; = 1.0 and Ay = 1072, The
ResNet101 backbone was pre-trained on ImageNet [48], while
the remaining additional trainable parameters were randomly
initialized using the Xavier [49] initialization method.

The WaSR network was implemented in Tensorflow 1.2.0!
and all experiments were performed on a desktop computer
with Intel Core i7-7700 3.6GHz CPU and nVidia GTX1080
Ti GPU with 11GB GRAM.

C. Analysis of the decoder fusion block variants

We analyze and compare the performance of two distinct
fusion block variants: the preliminary fusion block variant [17]
(denoted FU1) and our proposed fusion block of Section III-C
(denoted FU?2). Both variants were evaluated on the MODD2
dataset using the BIN IMU encoding technique (Section III-A)
and the water obstacle separation loss (Section III-D). The
results for the WaSR variants, denoted as WaSRgy; and
WaSRgy,, are shown in Table 1.

Both variants achieve comparable results for water edge
estimation. The FU1 variant estimates the water edge better in
the presence of prominent wakes (Figure 5 second column),
while the FU2 variant estimates the water edge better in the
presence of reflections and sun glitter (Figure 5 third column).

'A reference WaSR implementation is made publicly available on our
project page https://box.vicos.si/borja/viamaro/index.html.
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WaSR.,,

Fig. 5: Qualitative comparison of using the FUl (WaSRgy)
and FU2 (WaSRgy;) decoder fusion block variants. Correctly
detected obstacles are marked with a green bounding box, false
positive detections are marked with an orange bounding box,
and undetected obstacles are marked with a red bounding box.
The ground truth water edge is indicated by a dotted pink

polygon.

In terms of detection accuracy, the proposed FU2 outper-
forms the FU1 by far. The FU1 variant achieves a slightly bet-
ter precision resulting from a higher number of TP detections.
Most of these detections are small obstacles with an area size
of less than 900 pixels located near the horizon (Figure 5 first
column). Nevertheless, the difference in the average number
of TP detections (TPr) is marginal. On the other hand, the
average number of FP detections (FPr) is twice that of FU2,
which significantly degrades its precision by six percentage
points compared to FU2. A large number of FPs are located
on glitter/reflection below the ship (Figure 5 third column)
and on a wake (Figure 5 second column). In contrast, the
proposed FU2 variant segments these regions more precisely,
which contributes to a lower number of FPs and consequently
to the best overall F1 score.

We conclude that the proposed FU2 fusion block archi-
tecture contributes to a more robust segmentation of the
water components and consequently to a significantly lower
number of FP detections. Although there is a slight decrease
in TP detections, this does not significantly affect the overall
accuracy.

D. Analysis of the IMU feature channel encoding methods

The IMU feature channel encoding methods from Sec-
tion III-A were analyzed by evaluating WaSR with the FU2
fusion block on the MODD?2 dataset. In the following, we

TABLE I: The performance of the different decoder fusion
block variants, given by the water-edge estimation error in
pixels (iedg), the average number of true-positive (TPr) and
false-positive (FPr) detections per hundred images. We addi-
tionally report precision, recall, and F1 scores in percentages.

Architecture fedg  Pr Re TPr FPr Fl
WaSRry; [17]  10.0 886 97.8 528 68 93.0
WaSRru2 105 946 965 521 3.0 955

Fig. 6: Qualitative analysis of the effects of using different
IMU feature channel encoding methods. The sky, obstacles,
and water are indicated by deep blue, yellow, and cyan,
respectively. Detected obstacles are indicated by green (true
positive), orange (false positive), and red (false negative).

denote WaSR variants by IMU line encoding (WaSRpy),
distance encoding (WaSRpgr), binary encoding (WaSRgn)
and a variant without IMU fusion (WaSRnomu)-

The results in Table II show that the most accurate water-
edge estimation is achieved by WaSRp. WaSRgy also
achieves the best precision and recall scores, indicating that
it is able to accurately detect the most TPs while keeping the
number of FPs low.

The improvements from using IMU are most pronounced
when the USV faces open water (Figure 6 first, second,
and fourth columns). We observe that the water edge is
consistently better estimated with IMU fusion and that the
IMU channel generation method plays an important role.
Despite an overall good performance, WaSRpgt and WaSRy
tend to overestimate the water edge (Figure 6, first column)
and perform worse compared to WaSRgy. Thus, the binary
channel encoding method seems to be a preferred method for
encoding the inertial representation.

Figure 6 (last column) shows a failure case where all WaSR
variants underestimate the water edge, and it shows room for
further improvement.



TABLE II: Comparison of different IMU encodings on the
water edge estimation error fieqe, measured in pixels, the
average number of true-positive (TPr) and false-positive (FPr)
detections per hundred images. We also report the precision
(Pr), recall (Re), and F1 scores in percentage.

Architecture  fleqg  Pr Re TPr FPr Fl

WaSRev 10.5 965 965 521 3.0 955
WaSRpst 11.1 927 898 485 38 913
WaSRLin 1.7 925 870 470 38 897
WaSRnomu 111 941 906 489 3.1 923

E. Analysis of the semantic separation loss

The purpose of semantic separation loss (Section III-D)
is to learn a transformation that groups various appearances
of the selected semantic component into a tight cluster of
features that is well separated from the features of the other
semantic components. Five baseline WaSR architectures using
the FU2 fusion method and the BIN IMU encoding method
were re-trained with different combinations of semantic sepa-
ration losses: a water-obstacle separation loss (WaSRwst,), an
obstacle-water separation loss (WaSRpgr), a combination of
water-obstacle and sky-obstacle separation loss (WaSRwsst)
and a combination of water-obstacle and obstacle-water sepa-
ration loss (WaSRwos) as well as a variant without semantic
separation loss (WaSRyosL).

A qualitative analysis was performed first. A set of 50 im-
ages with distinctive and challenging scenes from MaSTr1325
was selected. Features from the WaSR res4b20 block (the layer
right after the semantic separation loss) were extracted and
projected onto 2D using a t-distributed Neighbour Embedding
method (t-SNE) [50].

The projected features for WaSR variants are shown in Fig-
ure 7. Note that the features of different semantic categories
(especially water and obstacles) are indeed much better sepa-
rated when semantic separation loss is applied. A favourable
separation of water and obstacle pixels leads to a more
accurate estimate of the water edge and a better detection
rate (more TP, less FP and FN detections). Although the pro-
posed semantic separation loss separates water and obstacles
relatively well in general (Figure 7 second to fifth images),
some water and obstacle/sky pixels remain intertwined for
WaSRwsr, WaSRwsst,, and WaSRywosp. These pixels lead to
FP detections. In addition, the separation of sky and obstacle
elements is generally imperfect, due to the poorer annotation
quality of thin obstacle structures (poles, cranes, and treetops)
in sky regions.

The results on the MODD2 [10] dataset shown in Ta-
ble III quantitatively support the observations from Figure 7.
WaSRywsL estimates water-edge the best, which is due to addi-
tional focused learning of the water appearance. The increase
in the overall accuracy of water edge estimation is mainly
seen in the improved segmentation of nearby large objects
and the mainland. All the proposed semantic separation losses
significantly improve the detection accuracy, which is most
evident in the significant increase in both precision and recall
scores. The highest recall score is achieved by the WaSRysL

TABLE III: Comparison of WaSR variants with separation loss
and WaSR trained without separation loss (WaSRnosp). We
report the water edge estimate fi.qs, measured in pixels, the
average number of true-positive (TPr) and false-positive (FPr)
detections per hundred images. We also report the precision
(Pr), recall (Re), and F1 scores in percentage.

Architecture  pledg  Pr Re TPr FPr Fl

WaSRnost,  11.0 91.7 921 49.7 45 919
WaSRwsL 105 946 96,5 521 30 955
WaSRosL 113 969 945 510 1.6 957
WaSRwsst.  10.6 939 952 514 34 945
WaSRwost,  11.1 932 944 509 3.7 938

variant, which detects the most TPs due to an overall better
segmentation of water components resulting from focused
learning of water appearances. Improved segmentation of wa-
ter appearance is shown in Figure 8 above. Additional learning
of obstacle appearances increases accuracy by significantly
reducing the number of FPs (seen in WASRpgy, Figure 8
bottom). However, since the training set contains only a
limited number of obstacles, the variants that use obstacle-
water separation loss (WaSRpsr. and WaSRywosr,) are not able
to generalize well at TP detections. The best F1 is achieved by
WaSRgs1, and WaSRygsp, with negligible difference, however
WaSRws;, detects more obstacles.

E. Comparison with the current state-of-the-art

Based on the analysis from previous sections, we have
selected the WaSR architecture with BIN IMU encoding and
FU2 fusion method with water-obstacle separation loss as
the best performing architecture - hereafter we will sim-
ply refer to it as WaSR. For comparison, we selected ten
current state-of-the-art segmentation networks with different
architecture of the encoder and decoder. The first six archi-
tectures (PSPNet [11], SegNet [34], DeepLab2nocrr [16],
DeepLab3+ [51], BiSeNet [13], and RefineNet [12]) use a
deep ResNet101 backbone for feature extraction and different
decoder architectures. These networks were selected because
they achieve state-of-the-art performance in both autonomous
vehicle segmentation tasks and general segmentation tasks.
The remaining four state-of-the-art networks are variants of
a fully-convolutional DenseNet [52] (FC-DenseNet56 and
FC-DenseNet103) and UNet [39] (MobileUNet [53] and
IntCatchgyy [21]). These networks achieve astonishing per-
formance on different domains [54], [55], [21] and have
lightweight architectures with much less trainable parameters
(Table 1V) than the aforementioned networks. Moreover, the
IntCatchg,; method has reportedly achieved the best perfor-
mance in a maritime domain despite its lightweight architec-
ture. All the selected networks, including the proposed WaSR,
run at more than 12 frames per second (Table IV), which is
considered real-time since the given camera system transmits
data over the USB 2.0 bus and does not support frame rates
higher than ten frames per second.

The results on MODD2 [10], are summarized in Table V.
WaSR outperforms all competing networks in water edge es-
timation by a large margin. Second best is BiSeNet [13], with
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Fig. 7: T-SNE visualization of water, obstacle and sky features extracted from WaSRwsy, WaSRgsL, WaSRwssr, WaSRwosL
and WaSR without the separation loss (WaSRyopsp). The semantic clusters from WaSRyps, are not well separated, while
well-separated and compact clusters are observed for WaSR variants with semantic separation loss.

Input Image

Fig. 8: Qualitative comparison of WaSR variants with different
separation losses and their effect on water appearance segmen-
tation and obstacle detection.

accuracy approximately two pixels lower, and closely followed
by DeepLab2nocrr [38]. Visual inspection (see Figure 10 for
examples) shows that other networks have difficulty accurately
estimating the water edge in the presence of haze on the
horizon, while WaSR neither overestimates nor underestimates
its position. This observation is also confirmed by the graph
shown in Figure 9, where a significant improvement is seen in
estimating the water edge in sequences where the horizon is
not well visible (sequences 5, 6 and 7). WaSR also shows
impressive robustness to strong ambient reflections in the
water, accurately estimating the water edge even under these
ambiguous conditions (Figure 10 third row).

WaSR achieves the best recall due to the highest TP rate,
followed by PSPNet [11], RefineNet [12], and SegNet [34].
WaSR also achieves the best precision score, closely followed
by DeepLab2nocrr [38], which triggers the lowest number of
false alarms, but at the cost of reduced TPs.

For safe and uninterrupted autonomous navigation, a trade-
off between the number of FP and TP detections is required,
which is summarized by the F1 score. The best performing
methods based on F1 are WaSR, RefineNet [12], BiSeNet [13]
and SegNet [34]. Further insight into the quality of the
segmentation masks is provided by the precision, recall, and
F1 plots as a function of the obstacle detection overlap
threshold. For the sake of presentation clarity, only the plots
of the four best performing networks are shown in Figure 11.
The proposed WaSR network has the highest precision and
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Fig. 9: Per-sequence performance for the four best methods
(WaSR, RefineNet [12], BiSeNet [13] and SegNet [34]) on
MODD?2 [10].

recall scores at moderate overlap thresholds, followed by
RefineNet. However, the order changes at very high thresholds
(above 70%), where RefineNet performs best. This means
that WaSR detects more obstacles with fewer false positives,
which confirms the results of the detailed analysis in Figure 9.
Further inspection showed that a large fraction of the extra TPs
detected by WaSR and missed by other networks are of small
size (area smaller than 900 pixels). However, a curve dip at
high thresholds (Figure 11) suggests that these detections are
not well localized. Nonetheless, accurately segmenting smaller
obstacles is very challenging for all networks, as shown by
the graphs in Figure 11, where performance decreases with an
increase in the overlap threshold.

The qualitative comparison (Figure 10 second, third line)
shows that WaSR detects smaller obstacles more accurately
than the other networks. Most other networks produce false
positives on glitters, reflections, and wakes (Figure 10). Ex-
ceptions are DeepLab2nocrr [38] and RefineNet [12], which
are robust to such scenarios. However, both networks are
prone to poor detection of isolated obstacles, resulting in a
relatively low TP rate. Poor segmentation also occurs in the
presence of distinct wakes surrounding the dinghy (Figure 10
first and second lines), resulting in either degraded water edge
estimation or FP detections at wave edges.

The last row of Figure 10 visualizes a failure case common
to all evaluated networks, where they inefficiently segment the
pier in close proximity. In addition to incomplete segmentation
of the pier, some networks, such as SegNet, tend to trigger
FP detections on reflections in the water. This suggests a
potential for improvement, despite the overall robustness of
the networks.
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Fig. 10: Segmentation quality for the four best performing methods from Table V. The sky, obstacles, and water components
are marked with deep blue, yellow, and cyan colours, respectively. Correctly detected obstacles are marked with a green
bounding box, false positive detections with an orange bounding box, and undetected obstacles with a red bounding box. The
ground-truth water edge is marked with a dashed pink polygon. WaSR is the most robust method for a wide range of scenes.

TABLE IV: The number of trainable parameters (Nparam) for
each tested architecture and their average time required to
segment a single image, measured in milliseconds.

Architecture Nparam 0z [ms]
PSPNet [11] 56.0M 222
SegNet [34] 35.0M 33.5
DeepLab2nocrr [38] 44.0M 32.6
DeepLab3+ [14] 48.0M 12.6
BiSeNet [13] 47.5M 17.7
RefineNet [12] 85. "M 38.5
WaSRru1 [17] 71.4M 71.3
WaSRFuz 84.6M 63.9
FC-DenseNet56 [52] 1.4M 51.5
100-Layer Tiramisu [52] 9.3M 80.4
MobileUNet [53] 8.9M 31.2
IntCatchgy; [21] 1.9M 7.1

TABLE V: MODD?2 [10] performance in terms of water edge
estimation error peqe in pixels, the average number of true-
positive (TPr) and false-positive (FPr) detections per hundred
images. We also report the precision (Pr), recall (Re), and F1
scores in percentages.

Architecture Hedg Pr Re TPr  FPr F1
PSPNet [11] 135 56.8 932 503 382 70.6
SegNet [34] 132 743 925 499 172 824
DeepLab2nocrr [38] 125 945 626 338 20 753
DeepLab3+ [14] 138 649 842 454 246 733
BiSeNet [13] 120 77.1 904 484 145 832
RefineNet [12] 144 902 927 500 54 914
WaSR 105 94.6 965 521 3.0 955
FC-DenseNet56 [52] 145 745 914 493 169 82.1
100-Layer Tiramisu [52] 13.1 73.0 89.2 482 179 80.3
MobileUNet [53] 13.8 545 89.2 48.1 40.1 67.7

IntCatchgn [56] 204 528 827 446 398 645
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Fig. 11: Precision, Recall and F1 plots for the four top-
performing networks on MODD2 [10] as a function of obstacle
detection overlap threshold.

G. Domain transfer analysis

To evaluate the generalization capabilities, we trained WaSR
with different semantic separation losses on MaSTr1325 and
evaluated them on the SMD [18] sequences without fine-
tuning on this dataset. The following top three performers
from Table V were selected for comparison: RefineNet [12],
BiSeNet [13], and SegNet [34]. The results are shown in Ta-
ble VI.

The WaSR variants significantly outperform all other net-
works in estimating water edges, beating the second best
method, RefineNet [12], by approximately nine pixels. The
WaSRws variant estimates the water edge best. Nevertheless,
the performance of all WaSR variants evaluated for this task
is comparable, as the difference in water edge estimation is
less than one pixel. A qualitative comparison in Figure 12
confirms the accurate water edge estimation over a range of
scene appearances in SMD. Other methods result in either
a drastic overestimation (e.g., SegNet [34], Figure 12 first
line) or a severe underestimation of the water edge caused
by contiguous false-positive detections (e.g. SegNet [52] and
RefineNet [12], Figure 12 third row). The per sequence
performance in Figure 13 further confirms these observations.

WaSRwsL achieves the best recall score due to the highest
true-positive (TP) detection rate, followed by WaSRwssy, and
BiSeNet [13]. This order is also evident from the qualitative
comparison (fourth row of Figure 12), where WaSRws, suc-
cessfully detects all obstacles, while WaSRyssp misses a rower
on the right. All WaSR variants trigger significantly fewer
false positive detections (FPr) on average compared to other
networks, as indicated in Figure 12. The main source of FP
detections are sea foam, prominent wakes and different water
textures, as shown in the second and third rows of Figure 12.
WaSRysss1, achieves the lowest average false positive detection

TABLE VI: Generalization performance on SMD [18] in water
edge estimation error peqe, the average number of true-positive
(TPr) and false-positive (FPs) detections per hundred frames.
We also report the precision (Pr), recall (Re), and F1 scores
in percentages.

Architecture Medg  Pr Re TPr  FPr Fl1

SegNet [34] 31.0 312 763 740 1632 443
BiSeNet [13] 289 159 88.6 859 4527 270
RefineNet [12] 24.8 492 79.7 773 799 608
WaSRwsrL 16.0 77.0 941 912 272 847
WaSRosL 166 726 872 846 319 793
WaSRwssr 163 811 915 887 20.6 86.0
WaSRwosL 163 529 872 846 754 658

rate (FPr), which contributes to its high precision score. A
very high precision score, combined with a second best recall
score, contributes to the best overall F1 score for WaSRwss;. .
However, the WaSRys;, variant lags behind the F1 score by
approximately one percentage point. The per-sequence perfor-
mance in Figure 13 shows that the overall improvement in F1
score in WaSRysggy, is mainly due to better performance on
sequence eight. Further investigation revealed that WaSRywsr.
triggers approximately 600 more FP detections compared to
WaSRwsst, on this sequence alone. The majority of these false
detections are due to different water texture, which was not
observed during training.

Surprisingly, the segmentation of the night sequence (Fig-
ure 12, second row) is overall accurate and consistent for all
methods, despite the fact that no similar images or conditions
were present in the training dataset. This indicates that all
tested methods generalize well under significant changes in
ambient lighting.

Regardless of the overall accurate segmentation, the com-
pared methods still tend to occasionally trigger false alarms
for water ripples. Such failure cases are shown in the last row
of Figure 12. As can be seen from the results in Table VI, Seg-
Net triggers the most FP detections, which are also the largest
in terms of surface area. Similarly, WaSRwsp triggers more
false alarms than the WaSRwss;, variant, which is consistent
with the evaluation results. RefineNet does not detect any FPs
in this case, but misses many obstacles, which is much more
dangerous from the point of view of autonomous navigation
safety.

V. CONCLUSION

A novel obstacle detection deep neural network, WaSR, for
autonomous USV navigation was presented. WaSR addresses
water edge segmentation and obstacle detection by fusing
visual information with inertial data from an on-board IMU.
A deep encoder extracts rich visual features from the input
image, while a non-symmetric shallow decoder fuses the
visual features with the inertial data. Additional robustness
is achieved by introducing a novel semantic separation loss
at the end of the encoder, which supports learning a feature
space with increased separation between semantic components
appearances.
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Fig. 12: Quality of segmentation generalisation on SMD [18]. The sky, obstacles, and water components are marked with
deep blue, yellow, and cyan colours, respectively. Correctly detected obstacles are marked with a green bounding box, false
positive detections are marked with an orange bounding box, and undetected obstacles are marked with a red bounding box.
The ground-truth water edge is represented by a dotted pink polygon.
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Fig. 13: Per-sequence generalization performance for the four
best methods (WaSRwsi, WaSRwss, RefineNet [12], and
SegNet [34]) on SMD [10].

WaSR has been analyzed in detail and compared with
the current state of the art. The results show that WaSR
outperforms the best performing state-of-the-art segmentation
network BiSeNet [13] by more than two pixels on average,
which means that the obstacle localization error is significantly
reduced by several hundred meters for the obstacles and the
land near the horizon. In the obstacle detection task, WaSR
outperforms the state of the art by 4% in F1 score. Compared
to the best related method RefineNet [12], WaSR significantly
improves the precision and recall scores by halving the number
of FPs and increasing the average TP rate by about two
percentage points. Moreover, the WaSR variant that does not
use IMU data also outperforms the compared methods, but not
to this extent.

The generalizability of WaSR was evaluated on the

SMD [18] sequences. WaSR outperformed the best related
method RefineNet [12] by approximately nine pixels in water
edge estimation. It also achieved a significantly better F1 score
in obstacle detection. This improvement is due to a higher
number of TP detections, which increase the recall score, and
a significant decrease in FP detections, which improve the
precision score.

An ablation study showed that each part of our network
(a deep ResNetl01 [29] backbone with atrous convolutions,
combined with a novel fusion block decoder architecture with
multiple IMU fusions and the semantic separation loss) con-
tributes to performance improvements - the best performance
is achieved with all parts together. Detailed analysis showed
that sufficient depth of the ResNet101 [29] encoder is critical
for successful encoding of the various water textures. This
affects both the detection rate and the accuracy of the water
edge estimation.

Two decoder fusion block variants with different complexity
were analyzed. Although the water edge estimation accuracy
and the number of TPs were comparable for both variants, the
more complex variant with additional FFM and ASPP mod-
ules halved the number of FPs and improved the F-measure
(Section III-C). Regardless of the increased complexity, WaSR
still runs in real-time at nearly 16 frames per second.

Several IMU feature-channel encoding techniques were
investigated, and the best results were obtained with binary



encoding (Section III-A). The improvements from IMU fusion
are most apparent when the USV is looking at open water,
especially in cases where the location of the water’s edge is
not clear due to haze on the horizon. In these situations, the
accuracy of the water edge estimate is significantly improved.

The new semantic separation loss function of Section III-D
plays an important role in guiding the learning procedure to
map a variety of specific semantic component appearances
into a cluster of features that are well separated from those
corresponding to the remaining semantic components. Various
adaptations of semantic separation loss were investigated.
Clustering water features and separating them from the obsta-
cle features (WSL) leads to a better segmentation of the water
components, which is reflected in an improved accuracy of the
water edge estimation and an increased number of TPs. On the
other hand, clustering obstacle features and separating them
from water features (OSL) increases accuracy by reducing the
number of FPs, but it does not generalize well in TP detections
to sequences with water-like obstacles that are significantly
different from those observed in training.

We plan to inspect several directions of future work. On
standard GPUs, WaSR runs at moderate frame rates. We thus
plan exploring network compression techniques and backbone
replacements to reduce the number of network parameters
and thus speed-up the inference. Overall faster inference and
a smaller amount of layers will allow fitting the network
to low-end embedded GPUs with small power consumption,
which will increase the range of applications on smaller USVs.
Despite the excellent robustness, the segmentation output of
WaSR is not ideal in the presence of significant wakes and
leaves a room for improvement. This opens research in direc-
tion of adaptation methods to adjust the network parameters to
the current scenes (akin to hand-crafted methods like [4]) and
fusion with alternative sensors such as LIDAR to improve the
localization accuracy of small and distant obstacles. Although
WaSR achieves state-of-the-art generalization performance,
many false positives are still triggered due to visual discrep-
ancies when we use different on-board sensing devices. To
improve the generalization capabilities, we plan to explore
domain adaptation methods based on adversarial learning, such
as [57].
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