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Abstract. This study compares spectral bands for object detection at sea using a
convolutional neural network (CNN). Speci cally, images in three spectral bands are targeted:
long wavelength infrared (LWIR), near-infrared (NIR) and visible range. Using a calibrated
camera setup, a large set of images for each of the spectral bands are captured with the same

eld of view. The image sets are then used to train and validate a CNN for object detection to
evaluate the performance in the di erent bands. Prediction performance is employed as a quality
assessment and is put in a navigational perspective. The result is a quantitative evaluation
that reveals the strengths and weaknesses of using di erent spectral bands individually or
in combination for autonomous navigation at sea. The analysis covers two object classes of
particular importance for safe navigation.

1. Introduction
Autonomous marine systems require the ability to accurately detect and classify objects at sea
to navigate safely. A vision system can, in combination with other sensors, be an e ective way
to detect objects on the sea surface. However, changing weather conditions and illumination
changes throughout the day cause great variations in visibility. This means that a vision system
cannot solely rely on the human visible spectrum.

A recent study comparing electronic and human outlook [I] demonstrated how a learning-
based approach identi ed objects on the water, from images in the visible range, using

(a) Visible range (b) NIR 800 1000nm (c) LWIR 8000 14000nm

Figure 1: Images of r sk bing harbour in the South Funen Archipelago in three spectral bands.
These images have not been transformed, so their view is similar but not identical.
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Table 1: Acronyms and Abbreviations

acronym explanation acronym explanation

Adam Adaptive Moment Estimation HFOV Horizontal Field Of View

AlS Automatic Identi cation System loU Intersection over Union

CNN Convolutional Neural Network LWIR Long Wave Infrared 8 14 m
CPA Closest point of approach NIR Near-Infrared 0:8 1:0 m
ECDIS  Electronic Chart Display nmi Nautical miles

FN False Negatives TCPA Time to CPA

FP False Positives TN True Negatives

FPN Feature Pyramid Network TP True Positives

segmentation into two classes of particular relevance to safe navigation. However, the study
showed that diminished visibility due to weather conditions, re ections from the water, day
and night operation, and large distances to objects could have a signi cant impact on the
performance when using visible range images. Using a combination of electro-optical sensors
sensitive at di erent wavelengths can potentially cope with some of these challenges. Other
research e orts addressed the same problem area using a variety of approaches. Detection of
small surface vessels was accomplished using an image histogram based approach in [2]. They
investigated theoretical detection ranges using infrared spectral bands (0.8 to 11.5 m), proposed
a simple segmentation method and made a performance evaluation. Using a combination of the
Scale Invariant Feature Transform (SIFT) and bag-of-features method, [14] targeted multiple
spectral bands and investigated the possibility of detecting and tracking surface vessels in the
infrared and visible bands. The survey in [9] gives a good overview of sensors and methods used
for detection and tracking of objects at sea. It concluded that electro-optical sensors operating
in the infrared or visible range are indispensable for various object detection tasks, in particular
of smaller boats that are invisible from radar. The detectability of common objects at sea,
seen from an air vehicle, was discussed in [12], who employed edge detection and kernel Itering
algorithms, comparing detection in thermal and visible range images.

This study investigates how di erent spectral bands can contribute to the detection of objects
at sea. Speci cally, three types of images are targeted: long wavelength infrared (LWIR) images,
near-infrared (NIR) images and colour images in the human visible spectrum. The vision system
consists of three cameras, one for each spectral band, mounted close together and pointing in
the same direction. Figure [1] shows images of the same scene from each spectral band. To get
a base for comparison, the images from the three cameras are transformed and cropped so they
have a similar eld of view. Data were recorded from two di erent ferries operating in the South
Funen Archipelago with images taken from morning to after sunset.

A RetinaNet [6] convolutional neural network (CNN) is used to detect and classify objects.
This architecture was chosen as it has proved to work well for object detection and classi cation
in a marine environment [13]. A set of images for training and evaluation for each spectral
band has been annotated into two object categories ship and buoy, which are of particular
importance for safe navigation in con ned waters. The intention is to use one set of cameras
for coarse object detection while object speci ¢ details are to be found subsequently with a
di erent classi er and potentially with a dedicated camera system with a narrower eld of view.
The classi cation of object details is beyond the scope of this paper. This study hence aims to
compare detection using a CNN for three di erent spectral bands. We wish to investigate how
detectable the selected classes are in di erent illumination conditions and distances from the
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camera. The performance in a navigational setting is assessed using Time to Closest Point of
Approach (TCPA).

2. Requirements

In a maritime navigational setting, two of the most common object classes to recognise is buoys,
which indicate limits for safe navigation, and other vessels or objects in the vicinity of own ship,
which could in uence navigation decisions for own vessel. Buoys provide information about
areas with shallow water, dangers or wreckages. Buoys are marked with colours and geometry
markers that convey their meaning. These are visible during daylight conditions. At night,
selected buoys are marked with lights that blink in speci c patterns to relay information. Ships’
conditions are indicated by ags or geometric markers in the mast with shapes that show intent
or condition. These are visible during daytime. At night, these markers are replaced by lights
arranged in special patterns on the mast. If a camera-based system is used to supplement or
temporally replace human outlook, it needs to be able to detect the speci ¢ type of ships and
buoys and interpret navigation information made by markers on these objects.

To minimize the risk of collision with other vessels, master mariners, see [8], estimate measures
of commonly accepted Closest Point of Approach (CPA) for the safe passage of two vessels in
open waters and the TCPA required for a vessel to react if course or speed alterations should be
needed. Such manoeuvring action will be needed if the estimated CPA is below the safe distance
of passage. This paper will assess vision system performance system against requirements:

TCPA > 10 min for larger ships.
TCPA > 6 min for smaller vessels and stationary objects.

Information about relative speed and course of nearby vessels are essential for this computation,
and it is required to assess whether they have conditions of reduced manoeuvrability. Such
special conditions include being anchored, shing or not under command. A vision system is
not a sole sensor for object detection, which will rely on the fusion of data from Radar, AIS if
this is sent by the object, and Electronic Chart Display and Information System (ECDIS).

3. Method

This section presents the vision system and outlines the method used to evaluate the spectral
bands. Images are acquired from three di erent types of cameras and aligned before they are
annotated and sent to the object detection network. A transformation of the images is needed
such that the same objects are visible in all images at approximately the same spatial location.
The steps to achieve this are presented in the following paragraphs.

3.1. Vision System
The images are acquired using the following sensors:

Teledyne Dalsa Calibir 640, 8 14 m Long Wavelength Infrared camera. 42:5 horizontal
eld of view (HFOV). Raw resolution: 640x480 pixels, 14 bit.

JAI GO-5000M 5M pixel, monochrome camera with a near-infrared low pass Iter attached.
55 HFOV. Raw resolution: 2560x2048 pixels, 12 bit.

JAI GO-5000C 5M pixel, visible range colour camera with a polarizing Iter attached. 55
HFOV. Raw resolution: 2560x2048 pixels, 12 bit.

The cameras are xed on a rigid mount to ensure a common baseline and positioned
approximately 10 cm apart with parallel principal axis. This means that ideally, the extrinsic
parameters of the camera systems consist of only a translation on one axis and no rotation.
Figure [2 shows a photo of the camera setup.
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Figure 2: The vision system used for this study consists of three distinct types of cameras. The
cameras are installed inside an 1P67 housing and the housing is mounted on a rigid baseplate.
From left to right: NIR, visible range, LWIR, NIR and visible range.

3.2. Image Alignment

With cameras slightly o set and lenses not identical, the acquired images do not have the exact
same eld of view. To achieve an almost similar view, the images need to be transformed,
cropped and scaled. This is achieved by rst correcting the image for lens distortion and then
identifying a transformation from the NIR and visible range images to the LWIR images.

The cameras are calibrated with a planar checkerboard pattern as a calibration target using
the method described in [15]. A checkerboard printed on paper is used for the visible range
and NIR cameras, and a checkerboard pattern cut from a thin plywood sheet as foreground and
a solid aluminium plate as background, is used for the LWIR camera. The aluminium plate
is heated to increase the contrast between plywood and aluminium in the LWIR calibration
images. The parallax occurring due to the thickness of the plywood sheet is neglected in the
calibration process. Calibration of the cameras provides intrinsic parameters, which are used to
correct for lens distortion e ects.

While most of the viewing frustums for the cameras are overlapping, it is not possible
to achieve an overlap of the images with perfectly similar eld of view (FOV). But with a
relatively small translation between cameras compared to the distance of the class objects, a 2D
transformation between the images su ces for the purpose of this study. Eight matching points
across the images are selected and these are used to nd a similarity transform consisting of
rotation, scaling and translation between the camera images.

3.3. Data set

Data was acquired on-board two di erent ferries operating in the Southern Funen Archipelago.
An image was captured every 1s from each of the cameras and the set was recorded at springtime
from midday till dawn, ensuring a broad range of illumination. A set of 9229 images were selected
and annotated with bounding boxes of the object classes. Annotations were shared between the
di erent cameras, i.e. if an object was annotated on the LWIR image, the same annotation
would be placed in the corresponding images of the two other spectral ranges, regardless of
visibility in these images.

Two classes are annotated, buoy and ship, and Table [2] outlines the total number of
annotations and images in the data set. The slight discrepancies in the number of each class for
the di erent camera types are due to objects leaving the frames at slightly di erent times, as
a consequence of an o set in FOV near the cameras. The data set is split into a training and
validation set by selecting 10 % of the images in the data set at random, and assigning them
to the validation set. This yields a training set containing 8306 images and a validation set
containing 923 images. An annotated image from the data set is seen in Figure [3



























