WaSR — A Water Segmentation and Refinement
Maritime Obstacle Detection Network
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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-



ni cantly in appearance, and is strongly in uenced by weatheatetection. The evaluation of background subtraction methods
conditions. Studies show that the networks tend to produca a marine domain [7], has shown that the misleading
many false positives and often miss small obstacles, whichdgnamics of water cause a large amount of false positive detec-
both ineffective and dangerous for real-world applications. tions. Moreover, classical background subtraction methods are
To address the discussed perception challenges speci cniat suitable for USVs because the undulating sea constantly
the USV environment, we propose a novel encoder-decodecks the USV, changing its viewing angle and violating the
architecture, WaSR (Figure 1). The network fuses encoded assumption of a static camera.
ertial data from IMU with visual information at multiple levels Stereo reconstruction techniques such as [22] and [23] can
of the decoder to improve the accuracy of water segmentatidetect obstacles that protrude clearly through the water surface.
and obstacle detection in the presence of visual ambiguitidgroblem arises in calm seas where the water has no texture
such as haze on the horizon. Moreover, a new loss compugedl a 3D reconstruction of the water surface is severely
on the deep encoder features enforces an ef cient and compaapromised, leading to false detections. Mulsasi al. [8]
feature coding of the different water phenomena and separatege addressed this drawback by using an on-board IMU to
them from the features corresponding to obstacles. A preligerrectly approximate the water surface even in calm seas.
inary version of the network was published in [17]. However, stereo reconstruction cannot detect partially sub-
We claim the following three contributions. The rst con-merged obstacles, and detection of distant obstacles requires
tribution is a new encoder-decoder architecture with multipn increase in stereo baseline, which negatively affects the
fusion modules in the decoder, which account for a wide rangtability of the USV.
of water appearances and reduce the amount of FP detectionBai et al. [24] proposed a ship detection method based
The fusion modules are responsible for combining the inertiah infrared images. The method successfully and accurately
information encoded as Euler angles with the RGB image dag¢tects various ships, but cannot detect arbitrary objects that
Therefore, in our second contribution we propose three tet® not emit enough heat and are thus invisible to the infrared
niques to encode the inertial measurements as feature chanoaigera. Kristaret al. [4] proposed a semantic segmentation
adapted for the fusion modules. Our third contribution is method based on tting structured models to the RGB image,
new loss function that clusters features of a given semantifiich is able to detect both partially submerged obstacles and
component into a compact cluster and separates them frémse protruding through the water surface. Bovebal. [10],
the features of the remaining semantic components. Cluster[fagextended this method with a stereo camera system and an
multiple semantic components improves sensitivity (clusterinylU sensor to improve the accuracy of water edge estimation
water features) or speci city (clustering obstacle features). ERnd reduce the number of false-positive detections caused by
tensive experimental results on the most challenging datasgs glint and sea foam. Yargj al. [25] have extend [4] by a
currently available [10], [18] show that WaSR signi cantlypre-segmentation module for online adjustment of priors and
outperforms all state-of-the-art methods in obstacle detectitfurther improve the overall segmentation. Despite achieving
and water edge estimation, and generalizes better to nefate-of-the-art results, approaches [4], [10], [6], [25] rely
environments and hardware not used in training. solely on simple visual features that are not expressive enough
This paper goes beyond our preliminary work [17] byo reliably address the diversity of a marine scene, resulting
proposing a new fusion block that signi cantly reduces th# poor segmentation in the presence of visual artifacts on the
false positive rate. We propose and analyze several IMAAter such as wakes, sea foam, glitter, and re ections.
encoding techniques and propose a more advanced semantieeep convolutional neural networks (CNNs) enable the
separation loss that further reduces the false positive rate d@@rning of rich features specialized to the target task, and sev-
improves the generalization ability of the network. We provideral works have considered the application of general-purpose
a more detailed analysis and comparison with the state of gietection CNNs to the aquatic domain. Leeal. [26] and
art and perform a new network generalization analysis. ~ Yang et al. [25] applied a state-of-the-art deep classi er [27]
The remainder of this work is organised as follows. Seto detect and classify different types of vessels. éflal. [28]
tion Il reviews and discusses the most closely related woxtended a Faster R-CNN [27] classier with ResNet [29]
An overview of the entire obstacle detection pipeline iackbone and improved the existing DenseNet [30] block by
given in Section Ill. Datasets and the evaluation protocol agélding trainable weight parameters to each skip connection.
presented in Section IV, along with a detailed experimentdhe method achieved state-of-the-art classi cation on their
evaluation and ablation study. Section V gives an overvigivate dataset. A drawback of category-speci ¢ object detec-

of the main results and indicates possible future reseafé®n methods (i.e., [26], [25], [28]) is that they cannot detect
directions. 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

Over the past decade, cameras have emerged as powexfulotated datasets for training. Several marine datasets have
and affordable obstacle detection devices [19], [4], [5], [6], [7heen proposed [31], [10], [18], [32], [16], [21], but few
[8], [20], [21]. Although autonomous marine robotics is still are annotated per pixel, i.e., [32], [16], [21]. Of these, [21]
relatively young research eld, numerous hand-crafted imagentain annotations only for the water region and [32] is a
processing methods have already been proposed for obstaelmi-automatically segmented collection of sequences from

Il. RELATED WORK



SMD [18] — however, the annotations were made for training
classi ers and are not accurate enough for training segmen-
tation networks. MaSTr1325 [16] was speci cally 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. Cameal. [15]
used a Itered 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.

) . o eI'l'l . 2: Three IMU feature channel encoding methods calcu-
achieved the highest overall accuracy and precision, foIIow?cfed from the estimated horizon line (yellow dotted line).

. o la
by ENet, while ESPNet was better at correctly CIaSSIfyInQero, positive, and negative values in the channels are shown
ﬁ blue, cyan, and red, respectively.

objects. Bovconet al. [16] trained a disjoint set of widely
used segmentation networks (PSPNet [37], DeepLab2 |
and UNet [39]) on MaSTr1325 and evaluated them on the
challenging MODD2 [10] dataset. The DeepLab2 architecture,
which has a deep encoder with atrous convolutions, produced )
the most promising results. Nevertheless, both studies [16],Th€ Proposed water segmentation and re nement obstacle
[15] showed consistent drawbacks in water segmentation &&tection network (WaSR, shown in Figure 1) consists of
curacy and misclassi cation of small obstacles, leading @ encoder path and a decoder path. The encoder computes
the conclusion that water environment-speci ¢ segmentatigigh features at different levels of detail, while the decoder
architectures are needed. These have only recently emerdd@es inertial and visual information and increases the spa-
Kim et al. [40] applied skip-connections and whitening layer al resolgtlon of the segmenta.\tlon.output. In the follqwmg,

to E-Net [35] to improve segmentation accuracy of small® describe _the encoder fo_r |nert|_al measurements in Sec-
obstacles and reported improvements over DeepLab3+ [{# ll-A, the image encoder in Section I11-B, and the decoder
on their private dataset. Steccanediaal. [21] enhanced the I Section I.II—C. A .novel semantic sepgranon loss fur_1ct|on is
U-Net [39] architecture with depth-wise convolutional layerBresented in Section I1I-D, and Section III-E describes the
and reported state-of-the-art performance on the IntCatch [Sfgmentation postprocessing procedure.

dataset. This network, however, attempts to separate the water

from the rest of the environment, which in turn leads t@a_ The inertial measurements encoder

problems in the presence of re ections where regions of the
water have very similar visual information to the environme% ith 0] bstacle detection in hand-
above the water surface. Zhan al. [41] proposed an online ] with some success to improve obstacle detection in han

. ; cr(?fted algorithms. In particular, the IMU-camera geome-
adaptation of their network from external measurements a . Lo . .
: . ) . . {}é/ [10] allows horizon projection into the image to constrain
super-pixel clustering. While their method requires accural L .
L . . . _Water edge estimation. In a convolutional neural network, a
initialization and time-consuming non-autonomous calibra- S . .
. .~ hatural IMU encoding is a feature channel with pixel values
tion, they report state-of-the-art performance on their pnva?e : ) . :
set according to the horizon location, which can serve as a
dataset. . " o .
prior water probability. However, it is unclear what is the best
method for channel encoding of this probability.

The network proposed in this work builds on the best We therefore investigate three IMU feature channel en-
practices of published methods and goes beyond the stateafing methods, all of which are based on computing the
the art in several ways. We use a DeepLab2 encoder ataizon location by the projection model from [10]. The
starting point for our work, as it has shown great promise [16}st method (LIN) draws a thick line of pixels with value
Inspired by [10], [6], we introduce inertial sensor informatiomne on the horizon, while the remaining pixels are set to
into the network to improve the accuracy of water edgeero. The second method (DST) encodes a signed distance
estimation in the presence of visual ambiguities. For the fusitm the horizon, i.e., each pixel above the horizon is assigned a
of inertial and visual data, we have developed a novel decogrsitive distance, while pixels below the horizon are assigned
that, in combination with a carefully designed loss functiora negative distance. The third method (BIN) creates a binary
re nes the segmentation. This in turn enables the detectionmfisk where all pixels below the horizon are set to one and
small and distant obstacles, which is currently one of the maime others are set to zero. Examples of the three IMU feature

drawbacks of existing networks [15], [16]. channel encoding methods are shown in Figure 2.

Il. THE WASRNETWORK ARCHITECTURE

The IMU information has been used in previous works [10],



B. The image encoder

Encoding a diverse water appearance requires signi cant
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. Speci cally, the model consists of four
residual convolutional blocksrés2, res3, resdand resy in
combination with max-pooling layers (see Figure 1). Hybrid
atrous convolutions [42] are added to the last two blocks

.to mcrefase.the receptive eld and encode a local conteﬁg. 3: The attention re nement modules ARM1, ARM2 and
information into deep features.

the feature fusion modules FFM, FFM1 adjust the scaling of
the heterogeneous input feature channels and gradually fuse
C. The decoder inertial and visual information in the fusion block. The encoder

The task of the decoder is to fuse features from the imaa%atures, horizon feature channel, and decoder features from
encoder and the IMU encoder and re ne them into the ndfe previous layer are denotedBsH andD, respectively.
segmentation output (fusion block in Figure 1). The fusion
block considers features from three encoding blodlesq

res3 andresh to leverage the generalization strength of the The output of the decoder fusion block (Figure 1) is nally

coarse resolutiorres5 features and the details of the higtgtrsges[‘ig?h;os sﬁérvir?tthgigﬂzils Ssezglglt'; :Ztr)rfildf.Pc%firn re[gg]nt
resolutionres2res3 features. y p Yy g

We build on our preliminary decoder [17] and extend tthSPP) Ieads.t.o signi cant mprovgmgnts n the segmentation
f small maritime structures while incurring only a small

fu3|?n block W't.h addlthnal modules to improve S(?gmematloc%mputational overhead. Therefore, the ASPP block followed
quality. Its architecture is based on a gradual fusion approa%:y a softmax is added as the last block in our decoder. The
using Attention Re nement Modules (ARMSs), similar to [13], :

. . . esolution of the output is one-fourth of the input resolution
to learn an optimal fusion strategy for different value scalé§ : ’
P 9y 0 the output is up-sampled by a factor of four to match the

between the IMU and the different visual feature channef . ; .
First, the encodeét 5 features are simultaneously input to théesOIUtlon of the input image.
pruned Atrous Spatial Pyramid Pooling [38] (ASPP) with ) ) )

three pyramid layers and the ARM1 module (Figure 3). THe- Enforcing separation of semantic features

pruned ASPP module applied to coarse resolukigrfeatures  Care must be taken when designing a loss function for the
is used to re ne segmentation of small maritime structuremaritime environment. While some obstacles may be large, the
while the ARM1 block handles fusion and reweighting ofmajority of pixels in a typical marine scene belong to either
visual and inertial features using global average pooling amditer or sky. This leads to a class imbalance that overwhelms
depth reduction with normalization. The resulting features tie classical cross entropy loss [43]. Moreover, the dif culty
the pruned ASPP module and the ARM1 block are fusex segmentation varies greatly between different water regions.
using an adaptive fusion method (Feature Fusion Modulegr example, it may be easy to classify regions of slightly
similar to [13]) called FFM1 (Figure 3), which generatesippled blue water, but it is much more dif cult to classify

1, 024 feature channels. These features are further fused wiglitter and re ections of objects as the water component.
the encodedE; features and the IMU channel by anothelherefore, to adapt the focus of the network to challenging
ARM block, which we call ARM2 (Figure 3). ARM2 rst regions during training, we use a weighted focal loss [44],
applies an ARM1 block to fuse the IMU-channel and the Ly, adapted for segmentation, and add the classigdbss
features from the encoder. This is followed by a selof1 (L. ,) for weight regularisation [45].

convolutions to double the number of feature channels, whichOur recent study [16] has shown that water phenomena such
are summed per channel with the features from the FFM1 & glitter and object re ections are a major challenge for water
the bottom of the decoder. Finally, the re ned and reweighteskgmentation networks. While mistaking water for sky is not
features from the ARM2 block, along with the encodegd a threat, mistaking obstacles for water and vice versa leads
features and the feature channel IMU, are fed to the secdwdpotential USV collision or frequent false alarms, rendering
Feature Fusion Module, which is called the FFM (Figure 3)he network useless for practical navigation. To avoid this, the
The FFM implements more complex fusion pathways tharetwork should ideally learn the encoding in early layers such
ARM and is used to combine the ARM2 low-level alg that it produces very similar features for a variety of water
high-level features. In particular, the ARM2 output featuregppearances and very different features for obstacles. This
are up-sampled and concatenated with Eye features and facilitates subsequent learning of the classi er in the higher
the IMU feature channel. The depth of the resulting featutayers of the network.

channels is halved by& 3 convolution block and normalized We propose to enforce early feature separation by designing
by a batch normalization block. A weight vector is computed novel loss. Letf xJ-Cg,-ZR1 and fxfg,-ZR2 be features in
similarly to ARM1 and used to reweight the features, leadinghannelc belonging to pixels of semantic componeRts and

to feature selection and fusion. R, respectively. To enforce a clustering of tRe features,



we can t their distribution by a Gaussian with per-channdk. Segmentation post-processing

mean$ °geon, and the variance$ ““geon., where N is The WaSR network described in Section IlI-C outputs a
the number of channels, and we assume channel independegy*gememation mask in which each pixel belongs to exactly
for computgtional tractability._The similarity of all other pixelsyne semantic component (water, sky, or environment). Pixels
corresponding to the semantic comporigatcan be measured |abelled water are used to construct the water region mask
as a joint probability under this Gaussian, i.e., as in [10]. The largest contiguous component in the water
Y e el o region mask represents the navigable surface of the USV, and

P(fXjgi2r,) / exp( 0:5(x) )7=") (1) jts top edge corresponds to the edge of the water. The list of

' N, potential obstacles is obtained by extracting pixel blobs with

environment labels within the water region.
We would like to enforce learning of features that minimize

this probability. By expanding the equation for the semantic IV. EXPERIMENTAL EVALUATION
componentR; per channel standard deviations, taking the
logarithm of (1), ipping the sign, and inverting, we get theo
following equivalent separation loss

This section reports on the analysis of WaSR on public
enchmarks. The datasets and evaluation protocol are de-
scribed in Section IV-A, while the implementation details are

N e (x° )2 given in Section IV-B. The different decoder fusion blocks are
Lsi = R2 pi2R; 'C = (2) compared in Section IV-C, the IMU encoding techniques are
NecNr, 0 j2r,(X] ) compared in Section IV-D, and the impact of water-obstacle

hich cl h . q . separation loss is analyzed in Section IV-E. Section IV-F
which clusters the semantic compond®{f and separates it compares the best-performing WaSR architecture to the state

from the semant!c gomponerﬁz. The N,Rl and Ng, ar'€  of the art, and domain generalization capabilities are analyzed
added as normalisation constants, making the scale indepghe. tion V-G

dent of the number of channels and the number of pixels of
the semantic component in each frame. .
. . A. Performance evaluation protocol

Ideally, we would like to separate the semantic components .
of water and obstacles as much as possible, so as to reducdll tested networks were trained on the MaSTr1325 [16]
the number of false positive and false negative detections af@faset, which to our knowledge is the only suf ciently
improve the safety of autonomous navigation. To this end, &fge and diverse maritime dataset available for training deep
propose four different variants of loss (2): segmentation methods with detailed per-pixel segmentation

. . masks. The dataset was acquired from an USV equipped with
1) A water-obstacle separation (WSfgcuses on learning a compass, LIDAR, GPS qIMU Wo side cameqrasppand a

the appearance of the water component, grouping dlf-ferrrfain stereo camera systarnmagic VRmMFGwvhich consists

ent appearances of water into a tight cluster of featur8§ two Vrmagic VRmMS-14/C- COBCCD sensors with a
that is well separated from the obstacle features. The 9

separation loss is de ned @f — Lo whereobsand baseline0:3m, Thorlabs MVL4WAlens with 3:5mm focal

wat » 75 I?ngth, maximum aperture dEl:4, and al321 FOV. The
wat denote obstacles and water semantic components,: ; d h board
respectively. main stereo camera system is connected to the on-boar

2) An obstacle-water separation (OSEjcuses on learn- computer via a USB 2.0 bus, which limits the data ow to
. P : .10 frames per second at a resolutionpP78 958 pixels.

. . e dataset containg; 325 unique images captured over a
appearances of obstacles into a tight cluster of featur, g 9 P

: 2 month period. The images are time-synchronised with
and enforces separation from the water features. The_. .
. . 2 _ 1 wat available on-board sensors and manually annotated per pixel
separation loss is de ned dsk? = L

obs * H .
3) A water-obstacle separationl combined with a sk for three semantic components: Sea, Sky, and Obstacles. The

obstacle separation (WSSHightly clusters features of edges of the semantically distinct components are labelled

with an additional label "unknown” to address annotation
the water and sky component and separates them from

: . uncertainty and enable automatic exclusion of these pixels
the obstacles features. The combined separation Ios§r(|)sm the learning procedure. Images from the dataset and their
de ned angi = L9BS + Lo wheresky denotes the gp ' g

/ sky corresponding ground truth annotations are shown in the top
sky semantic component. :
row of Figure 4.

4) A water-obstacle separation combined with an obstacle- Dataset augmentation is used to increase the generalisation

water separation (WO_SLgroups_ various appearances OE” the trained networks. From the common approaches to data
water and obstacles into two tight clusters that are we

. . augmentation presented in [46], we selected two augmentation
separated from each other. The combined separation |9S es that t the maritime domain - vertical mirroring and
is de ned asLg? = Lgos + Lyt b d

wat obs * central rotations. These augmentations increase the variety of

The nal loss is a weighted summation of the individual lossesgcal textures in the training set. The rotation parameter is
ie., constrained to f 5;15g degrees to prevent the generation
L= L+ 1L§i + oly,; (3) of unrealistic images. We additionally applied an elastic de-

formation to the water component of the training images to
where ; and ; are the weights. arti cially 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 (MODD?2 [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 tt@y. 4: MaSTr1325 [16] (top), MODD2 [10] (middle) and
some of the far obstacles in MODD2 were not annotateBMD [18] (bottom) datasets exhibit large scene and appear-
which can bias the number of false positives. We xed this baince variability.
adding the missing annotations. The bounding box annotation
of the large ship that appears in sequence 25 (Figure 4 middle
row, rst column) and is entirely located above the horizongive a better insight into the amount of detections triggered.
was removed because it degrades the ground-truth water-
edge accuracy. Following [16] guidelines, only the left camera ] .
images were used for analysis. B. Implementation details

The SMD [18] dataset was recorded at different locations All networks were trained fot0 epochs with early stopping
in Singapore harbour. It consists 66 mono sequences con-ysing the RMSProp optimizer [47] with a momentn®, an
taining the following: On-board footage, On-shore footage anmgitial learning rate10 4 and standard polynomial reduction
Near-infrared footage. The on-board and on-shore sequengggay of 0:9. The chosen values of the hyperparameters
were shot with a handheld Canon 70D camera with Canon Edfjow good practice and are commonly used in deep learning
70-300mm f/4-5.6 lens, while the near-infrared footage W@@)proaches_ Based on a pre|iminary Study, the loss Weights
shot with a modi ed Canon 70D with Mid-Opt BP800 Nearfrom Equation (3) were set to; =1:0 and , =10 2. The
IR bandpass lter. Unlike MODD2, SMD includes sequencerResNet101 backbone was pre-trained on ImageNet [48], while
taken at dusk, in the middle of the night, and even in lighhe remaining additional trainable parameters were randomly
rain. We selected a subset18 challenging sequences (imagesnitialized using the Xavier [49] initialization method.
in the bottom row of Figure 4) that t our problem domain The WaSR network was implemented in Tensor ow 112.0
and were taken from a xed position. Obstacles and watghd all experiments were performed on a desktop computer

edges in SMD [18] are annotated with bounding boxes andgh Intel Core i7-7700 3.6GHz CPU and nVidia GTX1080
polygon, respectively. Due to a lack of IMU data, we manuallyj GpU with 11GB GRAM.

annotated the horizon line in the rst frame of each sequence
and use its location to arti cially generate inertial data.
Fast and accurate detection is critical for autonomo®@s Analysis of the decoder fusion block variants

systems. To gain speed, all input images were prescaled tQue analyze and compare the performance of two distinct
12 384 pixel re;oluuon using bi-linear mterpolangn. _A_tfusion block variants: the preliminary fusion block variant [17]
the chosen resolution, all dangerous obstacles remain V'S't(t‘fenoted FU1) and our proposed fusion block of Section I11-C
Detected as well as ground-truth obstacles with an area of I?&@noted FU2). Both variants were evaluated on the MODD2
than5 5 pixels (at the original resolution df; 278 958  yaia5et using the BIN IMU encoding technique (Section I11-A)
were ignored because they are either too small or t00 far aWgyy the water obstacle separation loss (Section I1I-D). The

to pose a threat to the USV. , results for the WaSR variants, denoted as WagRand
Following [16], the standard performance evaluation MeYaSR.,, are shown in Table .

sures from [4] are used. The accuracy of water edge estimatiorhOth variants achieve comparable results for water edge

's given by the Mean square error compgted over all SEAUENEERmation. The FU1 variant estimates the water edge better in
and measured in pixels. Obstacle det_gcuon accuracy, primay presence of prominent wakes (Figure 5 second column),
measured by the number of true positives (TP) and false P8file the FU2 variant estimates the water edge better in the

. . . —_ TP
tives (FP%,Pls expressed by the precis(é = ), recall o cence of re ections and sun glitter (Figure 5 third column).
(Re = 5y—) and its harmonic mean, i.€1 =

additionally re_p_ort the averagg number of true'pOSiti_Ve (TPN)1A reference Wasr implementation is made publicly available on our
and false-positive (FPr) detections per one hundred imagesigect page https:/box.vicos.si/borja/viamaro/index.html.




TABLE I: The performance of the different decoder fusion
block variants, given by the water-edge estimation error in
pixels ( eqq), 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 edg Pr Re TPr FPr F1

WaSRy; [17] 100 88.6 97.8 528 6.8 93.0
WaSR-y2 105 946 965 521 3.0 955

Fig. 5: Qualitative comparison of using the FU1 (WagR
and FU2 (WaSRy,) 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.
Fig. 6: Qualitative analysis of the effects of using different
IMU feature channel encoding methods. The sky, obstacles,
In terms of detection accuracy, the proposed FU2 outpeind water are indicated by deep blue, yellow, and cyan,
forms the FU1 by far. The FU1 variant achieves a slightly betespectively. Detected obstacles are indicated by green (true
ter precision resulting from a higher number of TP detectiongesitive), orange (false positive), and red (false negative).
Most of these detections are small obstacles with an area size
of less than 900 pixels located near the horizon (Figure 5 rst

column). Nevertheless, the difference in the average numbginote WaSR variants by IMUine encoding (WaSRn),

of TP detections (TPr) is marginal. On the other hand, thfstance encodingWaSRyst), binary encoding(WaSRsn)
average number of FP detections (FPr) is twice that of FUznd a variant without IMU fusion (WaSRimu)-

which signi cantly degrades its precision by six percentage The results in Table Il show that the most accurate water-
on glitter/re ection below the ship (Figure 5 third column)achieves the best precision and recall scores, indicating that
and on a wake (Figure 5 second column). In contrast, ts able to accurately detect the most TPs while keeping the
proposed FU2 variant segments these regions more precisglymber of FPs low.

which contributes to a lower number of FPs and consequentlyt,o improvements from using IMU are most pronounced

to the best overall F1 score. when the USV faces open water (Figure 6 rst, second,

We conclude that the proposed FU2 fusion block archiyg fourth columns). We observe that the water edge is

tecture contributes to a more robust segmentation of tigngistently better estimated with IMU fusion and that the
water components and consequently to a signi cantly lowWggy channel generation method plays an important role.
number of FP detections. Although there is a slight decre%@spite an overall good performance, WagRand WaSRi

in TP detections, this does not signi cantly affect the overall,4 to overestimate the water edge (Figure 6, rst column)

accuracy. and perform worse compared to WasR Thus, the binary
channel encoding method seems to be a preferred method for
D. Analysis of the IMU feature channel encoding methods encoding the inertial representation.
The IMU feature channel encoding methods from Sec- Figure 6 (last column) shows a failure case where all WaSR
tion IlI-A were analyzed by evaluating WaSR with the FUXariants underestimate the water edge, and it shows room for
fusion block on the MODD2 dataset. In the following, weurther improvement.



TABLE Il: Comparison of different IMU encodings on theTABLE Ill: Comparison of WaSR variants with separation loss
water edge estimation erroreqy, measured in pixels, theand WaSR trained without separation loss (Wa&R). We
average number of true-positive (TPr) and false-positive (FREport the water edge estimatgyy, measured in pixels, the
detections per hundred images. We also report the precisarerage number of true-positive (TPr) and false-positive (FPr)
(Pr), recall (Re), and F1 scores in percentage. detections per hundred images. We also report the precision

(Pr), recall (Re), and F1 scores in percentage.
Architecture  eqqg Pr Re TPr FPr F1

WaSRun 105 965 965 521 3.0 955 Architecture  eqg Pr Re TPr FPr F1
WaSRbst 111 927 898 485 38 913 WaSRos.  11.0 91.7 921 497 45 919
WaSRn 117 925 87.0 470 38 897 WaSRus. 105 946 965 521 3.0 955
WaSRomu 111 941 906 489 31 923 WaSRos. 11.3 969 945 510 1.6 957

WaSRuyssL 106 939 952 514 34 0945
WaSRwvost 111 932 944 509 3.7 938

E. Analysis of the semantic separation loss

The purpose of semantic separation loss (Section Ill-Dariant, which detects the most TPs due to an overall better
is to learn a transformation that groups various appearanég€gmentation of water components resulting from focused
of the selected semantic component into a tight cluster lefarning of water appearances. Improved segmentation of wa-
features that is well separated from the features of the ottier appearance is shown in Figure 8 above. Additional learning
semantic components. Five baseline WaSR architectures ughfigpbstacle appearances increases accuracy by signi cantly
the FU2 fusion method and the BIN IMU encoding methoteducing the number of FPs (seen in WASsR Figure 8
were re-trained with different combinations of semantic sepbottom). However, since the training set contains only a
ration losses: a water-obstacle separation loss (WaSRan limited number of obstacles, the variants that use obstacle-
obstacle-water separation loss (WasB, a combination of water separation loss (WagR and WaSR,os.) are not able
water-obstacle and sky-obstacle separation loss (Wa§R to generalize well at TP detections. The best F1 is achieved by
and a combination of water-obstacle and obstacle-water sep@aSRys. and WaSRys. with negligible difference, however
ration loss (WaSRos.) as well as a variant without semantidVaSRys. detects more obstacles.
separation loss (WaSRsL)-

A qualitative analysis was performed rst. A set 60 im- F. Comparison with the current state-of-the-art
ages with distinctive and challenging scenes from MaSTr1325Based on the analysis from previous sections, we have

was selected. Features from the Wa®B4b2Mlock (the layer selected the WaSR architecture with BIN IMU encoding and
right after the semantic separation loss) were extracted gnd2 fusion method with water-obstacle separation loss as
projected onto 2D using a t-distributed Neighbour Embeddinge best performing architecture - hereafter we will sim-
method (t-SNE) [50]. ply refer to it as WaSR. For comparison, we selected ten
The projected features for WaSR variants are shown in Figurrent state-of-the-art segmentation networks with different
ure 7. Note that the features of different semantic categorighitecture of the encoder and decoder. The rst six archi-
(especially water and obstacles) are indeed much better sepatures (PSPNet [11], SegNet [34], DeepLakzke [16],
rated when semantic separation loss is applied. A favouraipeeplLab3+ [51], BiSeNet [13], and Re neNet [12]) use a
separation of water and obstacle pixels leads to a majeep ResNet101 backbone for feature extraction and different
accurate estimate of the water edge and a better detectfeitoder architectures. These networks were selected because
rate (more TP, less FP and FN detections). Although the prrey achieve state-of-the-art performance in both autonomous
posed semantic separation loss separates water and obstagleigle segmentation tasks and general segmentation tasks.
relatively well in general (Figure 7 second to fth images)The remaining four state-of-the-art networks are variants of
some water and obstacle/sky pixels remain intertwined far fully-convolutional DenseNet [52] (FC-DenseNet56 and
WaSRys., WaSRyssi, and WaSRyos.. These pixels lead to FC-DenseNet103) and UNet [39] (MobileUNet [53] and
FP detections. In addition, the separation of sky and obstagieCatch,, [21]). These networks achieve astonishing per-
elements is generally imperfect, due to the poorer annotatitgtmance on different domains [54], [55], [21] and have
quality of thin obstacle structures (poles, cranes, and treetopghtweight architectures with much less trainable parameters
in sky regions. (Table 1V) than the aforementioned networks. Moreover, the
The results on the MODD2 [10] dataset shown in TdntCatch, method has reportedly achieved the best perfor-
ble Il quantitatively support the observations from Figure fmance in a maritime domain despite its lightweight architec-
WaSRys. estimates water-edge the best, which is due to addire. All the selected networks, including the proposed WaSR,
tional focused learning of the water appearance. The increage at more than 12 frames per second (Table V), which is
in the overall accuracy of water edge estimation is maingonsidered real-time since the given camera system transmits
seen in the improved segmentation of nearby large objedata over the USB 2.0 bus and does not support frame rates
and the mainland. All the proposed semantic separation losk@her than ten frames per second.
signi cantly improve the detection accuracy, which is most The results on MODD2 [10], are summarized in Table V.
evident in the signi cant increase in both precision and recallaSR outperforms all competing networks in water edge es-
scores. The highest recall score is achieved by the WaSR timation by a large margin. Second best is BiSeNet [13], with



Fig. 7: T-SNE visualization of water, obstacle and sky features extracted from YWaSR/aSRys, WaSRyss,, WaSRyost.
and WaSR without the separation loss (Wag&). The semantic clusters from Waghy. are not well separated, while
well-separated and compact clusters are observed for WaSR variants with semantic separation loss.

Fig. 9: Per-sequence performance for the four best methods
(WaSR, Re neNet [12], BiSeNet [13] and SegNet [34]) on
MODD?2 [10].

Fig. 8: Qualitative comparison of WaSR variants with differemecall scores at moderate overlap thresholds, followed by
separation losses and their effect on water appearance segrirenreNet. However, the order changes at very high thresholds
tation and obstacle detection. (above 70%), where Re neNet performs best. This means

that WaSR detects more obstacles with fewer false positives,

which con rms the results of the detailed analysis in Figure 9.
accuracy approximately two pixels lower, and closely followeHurther inspection showed that a large fraction of the extra TPs
by DeepLabiocrr [38]. Visual inspection (see Figure 10 fordetected by WaSR and missed by other networks are of small
examples) shows that other networks have dif culty accuratefjize (area smaller than 900 pixels). However, a curve dip at
estimating the water edge in the presence of haze on High thresholds (Figure 11) suggests that these detections are
horizon, while WaSR neither overestimates nor underestimatest well localized. Nonetheless, accurately segmenting smaller
its position. This observation is also con rmed by the grapbbstacles is very challenging for all networks, as shown by
shown in Figure 9, where a signi cant improvement is seen ihe graphs in Figure 11, where performance decreases with an
estimating the water edge in sequences where the horizornigrease in the overlap threshold.

Il visibl 7). WaSR al h - . : -
not well visible (sequences 5, 6 and 7). WasSR also s OWSThe qualitative comparison (Figure 10 second, third line)

impressive robustness to strong ambient re ections in th% < that WaSR detects smaller obstacles more accuratel
water, accurately estimating the water edge even under th(§h aw u y
ambiguous conditions (Figure 10 third row). than the other networks. Most other networks produce false

WaSR achieves the best recall due to the highest TP ra&gsitives on glitters, re ections, and wakes (Figure 10). Ex-

followed by PSPNet [11], Re neNet [12], and SegNet [3,4]??‘0“;:)’;)S atrioDeeEtahfecﬁgr[iS] "ﬂ‘g 'zee”e'\é(e)tth[litwg'ﬁh e
WaSR also achieves the best precision score, closely followd§ us such s 10S. Wever, WOTKS

by DeepLabaocrr [38], which triggers the lowest number ofProne to poor detection of isolated obstacles, resulting in a
false alarms. but at th’e cost of reduced TPs relatively low TP rate. Poor segmentation also occurs in the

o sale and unieupted autonomous naigaion,a rafS 102 94l koS St e gy (e 0
off between the number of FP and TP detections is require ' 9 9 9

which is summarized by the F1 score. The best pen‘ormir?ggtlmatlon or FP detections at wave edges.

methods based on F1 are WaSR, Re neNet [12], BiSeNet [13] The last row of Figure 10 visualizes a failure case common
and SegNet [34]. Further insight into the quality of théo all evaluated networks, where they inef ciently segment the

segmentation masks is provided by the precision, recall, apigr in close proximity. In addition to incomplete segmentation

F1 plots as a function of the obstacle detection overlag the pier, some networks, such as SegNet, tend to trigger
threshold. For the sake of presentation clarity, only the plo&® detections on re ections in the water. This suggests a
of the four best performing networks are shown in Figure 1potential for improvement, despite the overall robustness of
The proposed WaSR network has the highest precision ahe networks.
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