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Abstract— The progress of obstacle detection via semantic
segmentation on unmanned surface vehicles (USVs) has been
significantly lagging behind the developments in the related field
of autonomous cars. The reason is the lack of large curated
training datasets from USV domain required for development
of data-hungry deep CNNs. This paper addresses this issue
by presenting MaSTr1325, a marine semantic segmentation
training dataset tailored for development of obstacle detection
methods in small-sized coastal USVs. The dataset contains 1325
diverse images captured over a two year span with a real USV,
covering a range of realistic conditions encountered in a coastal
surveillance task. The images are per-pixel semantically labeled.
The dataset exceeds previous attempts in this domain in size,
scene complexity and domain realism. In addition, a dataset
augmentation protocol is proposed to address slight appearance
differences of the images in the training set and those in de-
ployment. The accompanying experimental evaluation provides
a detailed analysis of popular deep architectures, annotation
accuracy and influence of the training set size. MaSTr1325
will be released to reaserch community to facilitate progress
in obstacle detection for USVs.

Index Terms— USVs, obstacle detection, dataset, CNNs

I. INTRODUCTION

Small-sized unmanned surface vehicles (USVs) are afford-
able devices for automated inspection of hazardous areas
and periodic surveillance of coastal waters. A high level
of autonomy with a considerable focus on timely detection
and avoidance of nearby obstacles is required for practical
use. A particularly appealing and low-cost obstacle detection
mechanism is semantic interpretation of images captured by
on-board cameras [1], [2], [3].

Numerous image processing methods have been pro-
posed for obstacle detection in robotics. In particular, in
the related field of unmanned ground vehicles (UGVs),
approaches based on semantic segmentation [4], [5], [6],
[71, [8] have shown excellent performance over the last few
years. The progress has been primarily driven by the design
and availability of large publicly available training sets like
BDD100k [9], KITTI [10] and Cityscapes [11], which pro-
vided the required labeled examples for the notoriously data-
hungry deep segmentation architectures. These approaches
demonstrated a substantial capacity to model various seman-
tic textures important for UGV scene understanding.
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Fig. 1 A USV was used to acquire the MaSTr1325 dataset '
in the coastal waters of Koper, Slovenia (upper row). Highly
detailed pixel labels for water (cyan), sky (deep blue) and
obstacles (yellow) are provided (bottom row). Pixels at the
seams between regions are labelled as uncertain (turquoise).

The state of obstacle detection by semantic segmentation
in USVs lags far behind that on the UGV domain. Only
few attempts have been made to evaluate popular CNN
architectures for obstacle detection on maritime domain
([12], [13]). A major drawback of the existing attempts is the
lack of curated domain-specific large training sets that would
allow training these networks and to study them on the USV
domain. The latter introduces segmentation challenges which
are different from the UGV domain. For instance, navigable
surface of USVs (water) is visually very inconsistent due
to its dynamic appearance, influence of the weather and
reflection compared to navigable surface of UGVs (road).
Furthermore, obstacles in the marine environment have a
more diverse appearance than on the road, and in addition,
even small, submerged obstacles might present a significant
threat to the USV. Thus state-of-the-art architectures from
UGVs might not be appropriate for use on USVs.

This paper addresses the lack of curated training datasets
for deep segmentation methods on the USV domain. Our
major contribution is a new diverse training dataset captured
by our USV (see Figure 1 top left) under variety of weather
conditions expected in a typical coastal surveillance task.
The dataset, MaSTr1325, contains 1325 manually per-pixel
annotated images with labels important for the task of image-
based obstacle detection. MaSTr1325 is currently by far the
largest and most detailed dataset of its kind for USV obstacle

! The MaSTr1325 dataset is made publicly available at:
https://vicos.si/Projects/Viamaro


https://vicos.si/Projects/Viamaro

detection. We consider a realistic situation that in practice
color grading and camera exposure at application time might
be different from that in the training set. We propose a
basic color transfer data augmentation protocol to address
this. Three popular deep learning semantic segmentation
architectures are trained on 53000 images of the augmented
MaSTr1325 and evaluated on the task of obstacle detection.
A detailed analysis of architectural choices is provided and
the impact of the dataset size, annotation accuracy and
the proposed color transfer augmentation is experimentally
evaluated. The dataset, augmentation protocol and evaluation
protocol will be publicly released to the research community.

II. RELATED WORK

It has been a common practice to use range sensors, such
as RADAR [14], [15], SONAR [16] or LIDAR, for obstacle
detection in a marine environment. However, range sensors
are typically large in size and are unable to discriminate
between water and land in the far field [17]. Recently,
cameras, combined with computer vision algorithms, are
gaining prominence as an affordable, lightweight [2] and
very powerful obstacle detection mechanism.

Numerous image-processing methods for obstacle detec-
tion have been proposed. Prasad er al. [3] have evaluated
the performance of various state-of-the-art background sub-
traction methods as obstacle detection mechanisms on a
marine domain. In-depth experiments on Singapore Marine
Dataset (SMD) [18] have shown that deceptive dynamics of
water causes a substantial amount of false positive detections.
Wang et al. [19] introduced a 3-D reconstruction based
method for obstacle detection. However, 3-D reconstruction
methods are only capable of detecting obstacles that signif-
icantly protrude through the water surface and not partially
submerged ones. Moreover, in the state of a calm sea,
where water lacks a texture, a 3-D reconstruction is severely
degraded, leading to false detections. On the other hand,
Kristan et al. [1] and Bovcon et al. [20] proposed a graphical
model for obstacle detection via semantic segmentation.
Although their method is capable of detecting obstacles
protruding through the water surface as well as the floating
ones, it still fails in the presence of artifacts on water (small
wakes, etc.)

Inspired by remarkable results of deep learning methods,
developed for the UGV domain, Lee et al. [21] proposed us-
ing a general Faster R-CNN [22] to detect and classify seven
different types of ships. However, their method is unable to
detect arbitrary obstacles in the water without providing a
huge amount of additional training data. Jeong er al. [23]
have used PSPNet [24] (pretrained on ADE20k dataset) to
segment the image and use the extracted water component for
horizon approximation. Recently, Cane et al. [12] evaluated
three deep semantic segmentation networks (SegNet [25],
ENet [26], ESPNet [27]) for object detection in maritime
surveillance. Similarly to [23], they have trained on ADE20k
dataset. The original 150 classes of ADE20k were mapped
to one of four custom classes (sea, sky, object and other).
Despite the fact that ADE20k dataset has well over 20000

Fig. 2 MaSTri1325 captures a variety of weather conditions
ranging from foggy, partly cloudy with sunrise, overcast to
sunny (top) and visually diverse obstacles (bottom).

images in total, only a small subset of 448 images contains
visible sea. Moreover, some of these images are aerial shots
or water close-ups, which do not portray a realistic viewpoint
of USVs and are detrimental to the learning of the deep
segmentation method.

The performance of the deep learning methods is strongly
correlated with the quality and quantity of learning cases.
Although several publicly available maritime datasets exist
(Modd [1], Modd2 [28], IPATCH [29], SEAGULL [30],
SMD [18]) none of them has pixel-wise ground truth anno-
tations, required for learning. A recent attempt to construct a
marine environment training set was made in [13]. However,
the dataset contained less than 300 images, which is too small
for effective training of the modern deep learning models.

III. MARINE SEGMENTATION DATASET — MASTR1325

To reflect the realism of the USV environment encountered
on an average mission, the dataset was captured by a real
USV over a span of 24 months in the gulf of Koper,
Slovenia. A small-sized 2 m long USV, developed by Harpha
Sea, d.o.0., was used (Figure 1 top left). The USV uses a
steerable thrust propeller for guidance, and can reach the
maximum velocity of 2:5ms . It is equipped with LIDAR,
compass, GPS, IMU unit, two side cameras and a main stereo
camera system Vrmagic VRmMFC, which comprise of two
Vrmagic VRmS-14/C-COB CCD sensors with baseline 0:3 m,
Thorlabs MVL4WA lens with 3:5 mm focal length, maximum
aperture of f=1:4, and a 132:1 FOV.

The stereo system is mounted approximately 0:7 m above
the water surface, faces forward and is z-axis aligned with
the IMU. Cameras are connected to the on-board computer
through USB-2.0 bus which restricts the data flow to 10
frames per second at resolution 1278 958 pixels. The
aperture of cameras is automatically adjusted according to
the lighting conditions, preventing underexposure and occur-
rence of indistinguishable dark areas in shades.

From out of approximately fifty hours of footage, captured
in the two years, we have hand-picked representative images
of a marine environment. A particular attention was paid to
include various weather conditions and times of day to ensure
the variety of the captured dataset. Finally, 1325 images
were accepted for the final dataset. Examples are shown
in Figure 2.



Fig. 3 Size distribution of obstacles in the training set,
based on obstacle area measured in pixels (left) and average
proportions of annotated pixels for each category (right).

Each image from the dataset was manually annotatgfly 4 An image from MaSTr1325 (top left), followed by its

by human annotators with three categories (sea, sky ag@yen color augmentations and four rotation augmentations
environment). An image editing software supporting multiplen the last row.

layers per image was used and each semantic region was
annotated in a separate layer by multiple sized brushes for
speed and accuracy. All annotations were carried out by
in-house annotators and were veri ed and corrected by an
expert to ensure a high-grade per-pixel annotation quality.
The annotation procedure and the quality control took ap-
proximately twenty minutes per image. To account for the
annotation uncertainty at the edge of semantically different
regions, the edges between these regions were labeled by
the "unknown” category (see Figure 1 bottom). This label
ensures that these pixels are excluded from learning.

Figure 3 shows a distribution of obstacle sizes and pro-
portion of annotated pixels for each category. The obstacles
cover a wide range of sizes. The majority of pixels are
annotated by water or sky, which comes from the nature
of the task. Still, a considerable number of obstacle pixels
are present in the dataset, covering a large variety of obstacle
appearances (see Figure 2 for examples).

Fig. 5 Objects below water edge are annotated by bounding

A. Augmentation and adaptation to target domain boxes, while the edge of the water is annotated separately.
We add the 15m danger zone visualized by a color gradient,

In practice, we can realistically expect that the camer nging from red (dangerous) to green (safe) based on
exposure and other parameters at application time mig }

. : - ... —distance from the USV. Surrounding smaller images were
differ from those used in the dataset acquisition. In addmonused for color transfer augmentation
: .

for training deep networks, a useful approach is to augmen
the dataset by generating geometric perturbations of the

original images, effectively inducing a regularization effect . . .
in '?he Iearni%g y g g in the coastal waters by the USV described in Section Ill. Ob-
The following augmentation protocol is thus introducec?taCIeS and water-edge in Modd2 were manually annotated

that considers the target sensors in addition to standa\f\ﬁth bounding boxes and a polygon respectively. Timely

. , . . nd accurate obstacle detection is of central importance
augmentation. We propose applying vertical mirroring an?or autonomous navigation. For faster inference, the Modd2
central rotation of f 5; 159 degrees. In addition, the color Y ' !

augmentation is applied to each image, where a small dJapages are resized to the rgsolutlﬁhZ 384 p|_xels.
The accuracy of semantic segmentation is reported by

of descriptive images from target domain is used for color s inspired by L | 1301,
transfer following the approach [31]. An example of datasetpree metrics inspire Y onet al. [32]:

augmentation is shown in Figure 4. 1) Mean pixel accyracy:> - .
2) Mean IOU:ﬁ i st
Cl 1 ] n
IV. PERFORMANCE EVALUATION PROTOCOL 3) Frequency weighted I0U: |, t, * P eun

i M

The Modd2 [28] is chosen for performance evaluation ofvheren denotes the number of classes in the ground truth,
the networks trained on MaSTr1325, since it is currently;; represents the number of pixels of the clagsredicted
the largest and the most challenging USV obstacle detectioém belong to the class while t; stands for the total number

dataset. It consists of 11675 recti ed stereo images captured pixels of class in the ground truth segmentation. These



segmentation metrics, however, lack insight into water-eddeature map and sent through a convolution to generate the
and obstacle detection accuracy. For this task we use thwal prediction map, which is further up-sampled to the
obstacle-detection metrics proposed by [28], where wateoriginal image size.
edge accuracy is measured by mean-squared error oveB) DeeplLabv2 [38]uses a ResNet-101 [37] backbone
all sequences, while the accuracy of detected obstacleswith atrous convolutions and Atrous Spatial Pyramid Pooling
measured by the number of true positives (TP), false positivASPP) to extract features. ASPP enables to capture objects
(FP), false negatives (FN) and by the overall F-measure, i.@nd context at different scales by using various sampling
a harmonic mean of precision and recall. rates to enlarge the receptive eld. The result is fed to a
Not all obstacles in the scene present equal danger to thdly connected Conditional Random Field (CRF), which
USV. For example, obstacles in close proximity are mores separately tuned, to improve the object localization. A
hazardous than distant ones. To address this, we proposenalti-scale version of DeepLabv2 passes multiple re-scaled
danger-zone mask for sequences from Modd2. Assuming &arsions of the input image to parallel branches, rescales
average speed di:5ms !, we de ne the danger zone asresponses before CRF and adds them. In the following, the
the farthest point reachable withitOs Thus the danger- single-scale and multiple-scale versions of the DeeplLabv2
zone is de ned as a radial area, centered at the location afe denoted by DLv2s and DLv2m, respectively.
USV with radius15m (shown in Figure 5). We calculated . .
the danger-zone for each image in Modd2 from the IMU. B- Implementation details
A softmax cross-entropy loss with momentud® were
used to train the segmentation networks. The initial learning
A summary of the tested baseline segmentation CNNs amate was set td0 “ and the standard polynomial reduction
training implementation details are given in Sections V-Adecay 0:9 was applied. The backbones in PSPNet and
and V-B. Section V-C benchmarks these architectures ameepLabv2 were intialized by ResNet-50 and ResNet-101
selects the most promising for the USV domain. The ampretrained on ImageNet [39]. Fine-tuning on our dataset was
chitectural elements are further empirically analyzed in Secarried out forl3 epochs.
tion V-D. The in uence of the training set size and annotation The MaSTr1325 dataset was rst augmented by applying
properties on the USV domain are analyzed in Sections V-€entral rotations, generating in totaB00 new images with
and V-F. accurate ground truth. The second part of augmentation
was done by color properties transfer. Seven representative
images were selected from Modd2 [28] that depict the
Three popular CNN architectures, that have shown exsariability of weather and lighting conditions present in test
cellent performance in the segmentation domain and forsequences (shown in Figure 5). These images were used for
the basis of many UGV state-of-the-art segmentation CNNwlor properties transfer approach (Section IIl), generafing
have been selected as baseline segmentation methods in wew images for each image in the already augmented dataset.
benchmark: Thus the overall size of training images from MaSTr1325
1) U-Net [33] was initially designed for bio-medical along with augmentation amounted 58000images.
image segmentation, but it achieves state-of-the-art resultsThe tested methods were implemented in Tensor ow [40]
across a wider range of domains [34], [35], [36] as welland run on a desktop computer with Intel Core i7-7700
Its architecture contains an encoder which captures contekt GHz CPU and nVidia GTX1080 Ti GPU.
and a symmetric decoder that provides precise localization. ] ) )
Repeated convolution and max pooling layers graduallg- Baseline CNN segmentation architecture benchmark
reduce the feature channels' width and height and increaseAll four baseline architectures, U-Net [33], PSP-Net [24],
their number. The decoder then gradually up-samples tl#l v2s and its multi-scale counterpart DLv2m, were trained
channels by additional convolutions followed by bilinearon augmented MaSTr1325 and evaluated onl#fieimage
interpolation. The channel width/height is thus doubled a¥lodd2 [28] stereo pairs. According to traditional semantic
each step and the number of channels is halved. Sk§egmentation measures reported in Table |, a single-scale
connections with concatenation are used to maintain detalld v2 outperforms all other architectures, including a multi-
and prevent information loss due to size reduction. scale version. PSPNet, which is considered a state-of-the-
2) PSPNet [24]was designed as a general scene parsirgyt in UGV segmentation achieves worst results. Ranking
network. It uses a pre-trained ResNet-50 [37] backbone wittpnsistency was tested by evaluating the methods on the
atrous convolutions to increase the Iters receptive eld sizgight imagesof Modd2. The performance of all methods is
without increasing the number of parameters. Feature mapsnsistent in both views, thus the ranking is stable.
are fed to the pyramid-pooling module. The module consists Additional insights are shed by the Modd2 obstacle detec-
of four pyramid levels/scales. After each pyramid level, ation measures in Table Il. The water edge is most accurately
additional convolution is applied to reduce the dimension ofstimated by DLv2 variants, followed by U-Net and PSP,
feature map. Bilinear interpolation is used to up-sample lowhose error is approximately twice as large (Figure 6 bottom
dimensional feature maps. Up-sampled feature maps froraw). U-Net obtains the highest number of true positives,
the pyramid-pooling-module are concatenated with the initidbllowed by DLv2 variants and PSPNet. A visual inspection

V. EXPERIMENTAL EVALUATION

A. Baseline CNN segmentation architectures



TABLE | Semantic segmentation metrics. All results ardABLE Il Water-edge estimation erroreqq, the number

reported in percentages. of true positive (TP), false positive (FP), false negative (FN)
detections, F-measure and Time in FPS. Detections in danger
architecture Mean PA Mean IOU fw-IOU zone are written in brackets.
©
g U-Net [33] 91.96 96.80 90.65 architecture  eqg TP FP FN F-measure  Time
g PSPNet [24] 90.98 94.50 88.22 DL 16.0 436[187 98[80] 243[64 71.9[72.3 17.21
= Deeplabv2s[38] 9265 97.49 91.48 Dlome 178 339 [129] 115([53] 340 [122] 59.8 [59.6] 151
© DeeplLabv2m [38] 92.61 97.41 91.38 DLnatr 246 250[99] 82[19 429 [152] 49.5([53.7] 1.50
= DL Resso 18.6 335[154] 183[78] 344 (97) 56.0 [63.8] 1.54
g U-Net [33] 91.91 96.72 90.58
3 PSPNet [24] 91.00 94.51 88.25 TABLE IV Segmentation results without data augmentation
= DeeplLabv2s [38]  92.58 97.39 91.35 with respect to the number of training images.\, mea-
2 DeepLabvZm [38]  92.58 97.36 91.33 sured by mean PA, mean IOU and fw-10U.
TABLE Il Water-edge estimation erroreqg, the number Ntrain Mean PA Mean IOU fw-IOU
of true positive (TP), false positive (FP), false negative 200 92 41 9704 91.07
(FN) detections and the F-measure and Time in FPS are 500 92'46 97'23 91'20
computed on entire image (upper part) and separately within 800 92'51 97'33 91'30
the danger zone (bottom part). 1000 92'51 97.36 91'31
architecture  eqg TP~ FP  FN F-measure Time 1325 92.52 97.38 91.33
U-Net [33] 18.8 592 3706 87 23.8 15.37 1325ug 92.65 97.49 91.48
PSPNet [24] 40.0 346 54 333 64.1 17.20
DLv2s [38] 166 369 108 310 63.8 1.62
DLv2m [38] 16.6 304 65 375 58.2 1.39 ing (ASPP) and (iv) a fully connected conditional random
U-Net [33] / 208 3337 43 11.0 15.37 eld (CRF) on the output. The experiment. from Section V-
PSPNet [24] / 126 39 125 60.6 17.20 C was repeated for variations of the original network to
DLv2s [38] /167 36 84 736 1.62 evaluate contribution of each architectural element: a version
Dlvzm[38] [/ 147 14 104 714 139 \ithout CRF (DLycrg), @ version without ASPP (Dlaspp), @

version without atrouse convolutions (k) and a version

o » . . with the backbone replaced by ResNet-50 (containing dilated
reveals that U-Net is highly sensitive to the input and S'g(':onvolutions) (Dless)

ni cantly over-fragments the water region (Figure 6 middle Results in Table Ill show that all elements of DLv2 con-

row), resulting in the highest number of false positivegjy, te to performance, except the CRF. In fact, compared to
and the lowest F-measure. The best overall F-measures, i nal DLV2 performance (Table II) the performance is
achieved by PSPNet, closely_ followed by_DL\(Z._ PSPNefqosted across all measures when removing the CRf:#&2L
also by far surpasses DLv2 in speed, which is importan iees improved overall F-measure at a signi cant speed
for practlcal_ a_ppllcatlons in real-time systems I|I_<e USV'improvement, surpassing that of the PSPNet. In addition to
H.owever, within the dange'r. zone, the DLv2 achieves thg, e convolutions and ASPP, the backbone seems to play
highest number of true positives, the lowest number of falsg .,qja| role. A signi cant performance drop is observed
detections and signi cantly outperforms the PSPNet in Fyhan replacing the ResNet-101 with a shallower equivalent,

measure. DLv2m, obtains a smaller number of false positiveSening that suf cient depth is required to suf ciently well
than the single-scale version, but at a cost of reduced trd® code the various local water appearances

positives, leading to a smaller F-measure. A closer visual
inspection of segmentation results showed that the mult. In uence of the training set size and data augmentation
scale version loses small obstacles (Figure 6 top row), which Deep learning architectures are notoriously data hungry
is critical for practical early obstacle detection within theand their performance is importantly affected by the training
danger zone. data set size. To evaluate the effectiveness of the proposed
From these results, we selected a single-scale DLv2 afaining set size and of the data augmentation protocol from
chitecture for its good trade-off between reliable obstaclgection I, the DeeplLabv2 without CRF (RQkgre) Was re-
detection and low false alarm rate and accurate water edggaluated with increasing training set size. The results are
estimation for further architectural analysis and potentiaieported in Tables IV and V.

speedups. The overall segmentation accuracy (Table V) steeply
_ ) increases up to 800 training images and gradually saturates.
D. Ablation study of the DeepLabv2 architecture The same trend is observed in water edge estimation accu-

The single scale DLv2 architecture is composed of severedcy (Table V), since the latter is directly related with the
elements that contribute to computational complexity andverall segmentation.
performance: (i) the back-bone ResNet-101, (ii) atrouse con- A somewhat different trend is observed in detection-based
volutions in the backbone, (iii) atrouse spatial pyramid poolmeasures (Table V). The percentage of true positives appears



Fig. 6 Qualitative comparison of the baseline architectures. The sky, obstacles and water components are denoted with
deep-blue, yellow and cyan color, respectively. The ground truth sea edge is annotated with a pink line, while ground truth

obstacles are outlined with a dotted bounding box. False positives are marked with an orange bounding box, false negatives
are marked with a red bounding box, whereas correctly detected obstacles are marked with a green bounding box.

TABLE V Water-edge estimation errofeqq, the number of
true positive (TP), false positive (FP), false negative (FN)
detections and F-measure. Detections in danger zone are
written in brackets.

Nirain edg TP FP FN F-measure
200 17.5 362 [146] 45[29 317 [105] 66.7 [68.5]
500 17.1 410 [178] 70 [43] 269 [73] 70.9%.4
800 16.7 392 [171] 87 [66] 287 [80] 67.7 [70.1]

1000 16.7 390 [174] 102[76] 289 [77] 66.6 [69.5]
1325 16.5 409188 145[106] 270 B3  66.3 [69.0]
1325, 16.0 436[187] 98[80] 243[64] 71.9[72.2]

to be constantly increasing with the dataset size. However,
so does the number of false positives. This might be counter
intuitive at rst glance, but a careful visual inspection of the

false positives in the images revealed that these result fro,g?g 7 A DL, crr Network trained on 200 images (left) is not

. . . ) : n
mrl1r_rohr|ng re efct|0ns and I!n S_Omﬁ cases parts of sl,Eea foalr%ﬁected by object mirroring in the water (upper left), but
whic hare n E.Ct ano7ma les In the water texture. Examplezg, nearly completely misses a large obstacle (bottom left).
are shown in Figure /. The same network trained on 1325 images (right) perfectly

The network thus did improve in learning of the wateljeiects the obstacle, but also detects a false positive on the
appearance with increasing the number of training Imagesiect mirrored re ection (upper right)
and was gradually better in separating small obstacles from

the water, thus increasing the true positive rate. However,

this also made it better in "detecting” parts of mirroring

re ections as potential obstacles, which translate into false

positives. mation. More importantly, the augmentation gives a healthy
The last line in Tables IV and V shows results wherboost in object detection rates by increasing the number of

using all training images along with the data augmentatiomue positives and reducing false positives (last two lines

protocol from Section Ill. The overall segmentation accuracin Table V). The results support the importance of our color-

is increased across all measures as well as water edge estinsfer-based data augmentation.
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