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Abstract—This paper presents a real-time 2D image mosaick-
ing tool developed to provide instantaneous feedback on image
quality and area coverage during underwater site inspection
or documentation surveys. The algorithm implements a feature
extraction and matching approach to stitching video frames into a
single image. While its main advantage is providing good results
for fast documentation in real-time even on low-end computer
hardware, it has also some limitations in terms of sensitivity
to the camera motion and lower performance in textureless or
uniform environments. The final part of the paper addresses those
limitations by providing an insight of the concept behind the
ongoing development of a real-time direct 3D reconstruction tool
for underwater applications.

I. INTRODUCTION

Computer vision is rapidly finding more and more appli-
cations across a wide spectrum of underwater operations. It
is increasingly being used as the primary tool for inspection
and documentation of underwater sites, in disciplines ranging
from archaeology [1] and biology [2] to offshore engineering
[3]. Cameras are carried and operated by both divers and
robots, as the popularity of remotely operated vehicles (ROV)
and autonomous underwater vehicles (AUV) increases ([4],
[5]). The introduction of robots brings with it many new
applications for computer vision. A common task is robot
navigation, which underwater is challenging due to the lack of
any radio communication, including global navigation satellite
systems (GNSS) on which terrestrial and aerial robots heavily
rely. For this purpose camera and acoustic systems can be used
to implement simultaneous localisation and mapping (SLAM)
algorithms to complement inertial navigation systems (INS),
which, to various extents, suffer from integration drift. Even
more demanding than inspection is robotic intervention, where
ROVs are usually used with human operators at the surface,
although recently significant effort is going into the automation
of those operations ([6], [7]). For both cases computer vision
is playing a fundamental role. Providing an augmented feed-
back could increase the ROV pilot’s efficiency multiple times
compared to a standard 2D camera stream. If any aspect of the
intervention is autonomous, then knowing the exact structure
of the target and the position of the robot relative to it becomes
crucial.

All the described applications would significantly benefit

from, and many even require, models of the underwater
environments or targets generated in or near real-time. Data
for inspection and documentation purposes is usually post-
processed, and is acquired without feedback on its quality.
This leads to situations where defects in data, such as areas
not being covered or unsuitable image quality, are discovered
after the survey. In the case of robotic intervention operations,
having real-time feedback is even more valuable, as it can
affect the duration of the operations themselves. This holds
for scenarios where people are directly involved in operations,
whether as divers o through ROVs. In autonomous robot opera-
tions, real-time models become a requirement. Due to offshore
operations being particularly expensive, time consuming, and
limited by other factors such as weather, making them more
efficient is of great value [8].

This paper presents a real-time 2D image mosaicking tool,
the development of which started as part of the ROV-3D
project [9]. It is a useful tool to provide instantaneous feedback
on image quality and area coverage during the survey, and
gives good results for fast documentation of sites. Apart from
the benefits, the paper also discusses the limitations of a 2D
feature-based approach, and provides an insight in the direct
3D approach currently being developed as a potential solution
to the described limitations.

Section II provides a brief background of previous work
relevant to the development of the described tools. Section III
describes in detail the 2D mosaicking algorithm and imple-
mentation, of which Section IV presents the results. Section V
then describes the main ideas behind the direct 3D approach,
concluding with a summary in Section VI.

II. BACKGROUND

A. 2D mosaicking

Early examples of algorithms for stitching multiple images
together to form a single larger one, i.e. mosaicking, can be
found in [10], [11], and [12]. An important advancement has
been made with the introduction of the bundle adjustment
algorithm [13] for the minimisation of the reprojection error
between two images [14]. A successful implementation has
been developed in 2003 [15] and further improved in 2007
[16]. In [17] the authors have made an evaluation of various
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solutions to prevent the visible seam between each image
in mosaics. The work presented in this paper borrows the
concepts from the mentioned publications and combines them
to obtain a mosaicking implementation capable of real-time
video processing.

B. Real-time 3D reconstruction

Dense real-time 3D reconstruction is becoming feasi-
ble only very recently, with the advent of widely available
massively parallel commodity general purpose computing on
graphics processing units (GPGPU). Notable steps towards
real-time 3D reconstruction were MonoSLAM [18] for single
camera visual SLAM using sparse features, and the real-time
visual odometry system from [19]. A different approach from
the filter based SLAM systems that preceded it, was presented
in [20], where the authors separated the camera tracking given
a known map, and updating the map. Following the work
of [21], which applied convex optimisation techniques on
commodity GPUs to achieve real-time image denoising, [22]
presented a live dense 3D reconstruction pipeline using the
feature-based [20] for tracking. The first monocular system to
use both dense tracking and mapping and capable of real-time
processing was presented by [23].

III. REAL-TIME 2D MOSAICKING ALGORITHM

Image mosaicking in the context of this work can be
defined as the process of stitching together a sequence of
photographs or video frames, with the goal of obtaining a
single large image. The developed real-time 2D mosaicking
algorithm can be split in three main steps: (i) image registration
produces a frame to mosaic transformation given the current
live frame from the camera and the existing mosaic; (ii)
image warping transforms the live frame to match the mosaic
using the previously computed transform; and (iii) image
compositing finally blends together the warped frame with the
mosaic. The main difference between a real-time algorithm
and the more common post-processing approaches is that each
image has to be processed immediately when acquired. The
mosaic is therefore built incrementally, without the possibility
to find the optimal solution which is possible when the full
set of images is available a priori. It will be shown that the
system mostly consists of existing and widely used algorithms,
combined in such a way to achieve real-time performance even
on low-end laptop PC hardware. It is important to specify that
real-time performance in this context is considered to be the
ability to process enough frames from the live video to reliably
build a mosaic, i.e. overlapping frames.

A. Image registration

The mosaicking procedure begins with image registration,
which is the most important part in terms of robustness and
accuracy of the whole system. Given the live frame Ilt at
step t and the mosaic Imt−1 , which contains frames from
steps 1 to t − 1, the goal is to find the best possible frame
to mosaic transformation Tlmt . In the following text the step
indices will be omitted for cleaner notation, as the focus is on
the analysis of a single algorithm iteration. Theoretically Tlm
could be any generic projective transformation with 8 degrees
of freedom. However, it has been found that constraining it
only to affine transformations, therefore removing 2 DOF, the

mosaic becomes significantly more robust to accumulating er-
ror. Therefore, the transformation matrix Tlm has the following
form:

Tlm =

[
a11 a12 b1
a21 a22 b2

]
. (1)

Each point ul ∈ Ωl ⊂ N2 of the live frame is transformed into
mosaic coordinates um ∈ Ωm ⊂ N2 as:

um = Tlmul. (2)

In order to compute Tlm it is necessary to find three pairs
of corresponding points between Il and Im. For this to be
possible there has to be a significant overlap between the two
images.

The Speeded Up Robust Features (SURF [24]) feature
detector and descriptor is used to find and describe salient
points in both images. It has been chosen because it is several
times faster than the Scale-Invariant Feature Transform (SIFT
[25]) detector, by which it was inspired, which makes it more
suitable for real-time applications, while maintaining a similar
level of robustness. Other feature detectors could also be used,
depending on the application, which might additionally speed
up the execution of the software. Applying the SURF detector
on Il and Im, two sets of keypoints are obtained: ful = {fuli ∈
Ωl}∀i ∈ {1 . . . I} and fum = {fumj

∈ Ωm}∀j ∈ {1 . . . J},
each containing the image coordinates of I and J detected
keypoints respectively. Computing the SURF descriptor for all
points in ful and fum yields the two keypoint descriptor sets
fdl = {fdli ∈ R64} and fdm = {fdmj

∈ R64}.

To find matching pairs of features, the fast approximate
nearest neighbour algorithm from [26] is applied to the high
dimensional SURF descriptors from fdl and fdm, producing a
set of K pairs of keypoint descriptors pdlm = {pdlmk

}∀k ∈
{1 . . .K}, where pdlmk

= {fdli , f
d
mj
}. A set of the correspond-

ing pairs of keypoint image coordinates is then generated based
on the descriptor pairs in pdlm, resulting in pulm = {pulmk

}.
The affine transformation Tlm can then be computed from

pulm under the assumption that K ≥ 3. This represents one
limitation of feature based methods, which is the case of
featureless scenes. However, in the majority of scenarios when
the camera is closely observing a scene there will be enough
diversity, and the number of detected features will exceed the
minimum limit by a large margin. When K > 3 it becomes
necessary to choose exactly 3 keypoint pairs from pulm. Ran-
dom selection poses the threat of picking outliers, i.e. keypoints
matched wrongly. To tackle this issue the RANdom SAmple
Consensus (RANSAC [27]) algorithm is employed, which
iteratively chooses three pairs of keypoints and computes a
temporary Tlmtemp solving (2) for the three pairs. It then applies
it to all paired keypoints from the live frame, which results in
a set of points in mosaic coordinates

fumT
= {Tlmtempf

u
lk
∈ Ωm} ∀fulk ∈ p

u
lm. (3)

Ideally fumT
= fum, but this will never hold due to outliers

and because even in correct matches there will be small errors.
Therefore, the algorithm counts the number of correct matches
N by comparing fumT

and fum using the Euclidean distance
between each pair of points, and selecting the ones that are cor-
rectly reprojected within an allowed error radius er. N defines
how good the solution Tlmtemp is. The RANSAC stops when



N reaches a certain predefined minimum threshold, or when
the number of iterations reach a predefined maximum value,
in which case the solution will be the one with the highest N
so far. This method does not guarantee the optimal solution,
but, given enough iterations, it will find an appropriate value
of Tlm. It is therefore a matter of compromise between the
maximum number of RANSAC iterations and the execution
time of the algorithm.

B. Image warping

Once Tlm is computed, the next step is to apply the
transformation to the entire live image Il, to warp it so it
matches the mosaic Imt−1 . The image warping process first
creates a new empty image Imt

that will become the new
mosaic, and which is first going to contain the warped Il, on
top of which the current mosaic Imt−1

will be overlaid in the
final step. Here the step indices are reintroduced for mosaics
to distinguish the new from the old one. The points from Il
are mapped as:

Imt
(Tlmul) = Il(ul) ∀ul ∈ Ωl. (4)

In order to restore the quality lost during the warping,
resampling of the image is performed using bicubic interpola-
tion, which considers a 4× 4 pixel neighbourhood. Although
using bilinear interpolation would noticeably improve the
algorithm’s execution time, its quality has been found to be
inappropriate.

C. Image compositing

Once Imt
contains the transformed and corrected Il, the

final step is to copy Imt−1
into it as well. The copying

is straightforward since there is no transformation to be
done. However, on the area of Imt−1

which overlaps with
the transformed Il a blending mask is applied to obtain a
smooth transition between the two images. Without blending,
a sharp line would be visible due to the difference between the
brightness and colour of the two images. The mask consists
in applying a weighted sum of pixel intensities where the two
images overlap, i.e. a linear gradient between the two images:

Imt(u) = wImt−1(u) + (1− w)Imt(u) ∀u ∈ Ωmt , (5)

where w ∈ [0, 1] is a function of the Euclidean distance
between the two image centres. This step concludes the
mosaicking procedure, resulting with the live frame Il being
stitched with the mosaic Imt−1 , producing a new mosaic Imt .
At this point the algorithm restarts with a new frame to add.

D. Implementation – MosaiQt

The described algorithm has gone through multiple stages
of implementation. Its development started in MATLAB,
which was convenient for prototyping but quickly proved to be
too slow for the final implementation. LabVIEW was briefly
considered as an alternative because of the desire to integrate
the mosaicking algorithm with existing LabVIEW software.
Although better results have been achieved in terms of speed,
OpenCV was used for to higher flexibility in modifying and
experimenting with its algorithms. For this to be possible most
of the code was actually implemented in C++ and compiled
to shared libraries. LabVIEW therefore did not seem to be the

best tool to continue the computer vision related research in, so
the final decision was to write everything in C++ with OpenCV,
and from there to optimise the algorithm for speed. The Qt
framework has been chosen for the final GUI implementation
in order to be able to support different operating systems, and
because of its Free Software licence. Therefore the name of
the final product – MosaiQt.

One of the main implementation features is not trying to
process every frame of the live video, but only as many frames
as possible. In other words, the software takes the newest frame
from the video only after its done with processing the previous
one, skipping the frames generated during the processing time.
This makes real-time mosaicking achievable with the same
software even on low-end hardware, with the only side effect
being that less frames are processed in a unit of time, i.e.
the processing frequency is lower. This is not an issue, firstly
because the algorithm itself is best suited for slightly longer
baselines: it is better to avoid consecutive frames looking at
the same scene as each will introduce additional error. Ideally,
frames should overlap but not entirely. Secondly, even if the
processing frequency is so low that frames do not overlap
enough, the simple solution is to decrease the speed of the
camera. This is an advantage of having real-time feedback –
it is possible to accurately adapt the data acquisition to best
suit the processing.

This system of different acquisition (video) and processing
frequencies is implemented through multithreading. The entire
program uses three threads:

• GUI thread

• Live video thread

• Mosaicking thread

The live video thread acquires all frames from a USB frame
grabber or camera and displays them in the GUI. The mo-
saicking thread requests a frame from the live video as soon
as it stops processing the previously received one. It has the
possibility to display in the GUI the mosaic created so far
and to store it at every step on the disk, in order to always
have the last good one in case a bad frame corrupts it in the
following iteration. There is also the option within the software
to store each frame for post processing, which is often the
scenario. Live processing is a very convenient mean to make
sure the data quality is satisfactory, which will then be post
processed to obtain the best possible result. MosaiQt offers also
the choice to build a mosaic from a previously acquired set of
images, which can also be useful to quickly validate the images
acquired from a source not connected to a PC. Additionally,
there is the possibility to correct the image distortion before
processing if the intrinsic camera parameters are known, which
is very significant when using a wide angle lens.

Figure 1 shows the main window of MosaiQt. It offers
the possibility to modify certain parameters regarding the
SURF detector, the feature matching quality, and the maximum
number of RANSAC iterations. The software has a multiple
windows interface, meaning that things like the live video and
the mosaic that is being built are displayed in separate and
resizeable windows. This makes it suitable for various display
sizes and multiple monitor setups.



Fig. 1. MosaiQt main window

Fig. 2. Mosaic of data from [28]

IV. RESULTS

This section presents the results achieved with MosaiQt,
the mosaicking algorithm implementation discussed in the
previous section. Figure 2 shows a mosaic produced from a
∼ 85 seconds long FHD (1920 × 1080) resolution transect
survey made by the submarine Remorà 2000 equipped with
ISME and CNRS technologies in an automatic way under the
supervision of the archaeologist Luc Long at the Port-Miou
C wreck in Marseille, France [28]. It has been created by
processing 2 frames per second. Figure 3 shows a detail of
the first 36 seconds of Figure 2, while Figure 4 presents a 10
seconds detail.

Although it would be necessary to improve the mask used
for blending images to remove some sharp transitions visible
in the mosaic, the overall quality is good, and comparable
to fast post-processing solutions. It can be seen from the full
length mosaic in Figure 2 that the accumulated error level is
acceptable even after a longer period of time. It is hard to
quantify errors in this scenario, therefore only a qualitative
analysis can be offered at this time.

On a higher specifications computer it is possible to process
∼ 2 frames per second in FHD resolution, which has proven to
be more than enough for typical speeds of divers or unmanned
vehicles, therefore making the mosaicking real-time. A low-
end laptop is able to process about 1 frame per second of the
same video, which is also good for slower camera motion.
The best way to achieve higher processing frequencies is to
downsize the images before using them. At VGA (640× 480)
resolution it is possible to process between 4 and over 10
frames per second, depending on the computer. Since each
frame introduces some small error, using too many is not
desirable. This can happen if the camera is not moving fast
enough to introduce significant difference between frames, in
which case better results are achieved with higher resolutions
at lower frame rates. As already mentioned in Section III-D,
it is important to emphasize the meaning of the processing
frequency. For example, if MosaiQt processes 2 fps of a 30
fps video stream, it means that only every fifteenth frame will
be processed, while the fourteen frames in between will not
be used. This allows the algorithm to run in real-time along
the video.

Despite being able to obtain very good results, this ap-

Fig. 3. Initial part of the mosaic in Figure 2

Fig. 4. Mosaic detail

proach has also shown its limitations. The described pipeline
is most successful when the camera is recording perpendicular
to the site, and when the site is rich in visual features. Figure
5 shows an example of a low quality mosaic from the Netmar
project demonstration in Porto, Portugal, in May 2015 [29].
The inspected object is the hull of a sunken WW2 submarine,
which is very uniform in visual features. Together with bad
visibility, which makes everything appear to be of the same
colour, this creates a very difficult situation for mosaicking. It
can be seen that the process starts successfully, due to holes
in the hull, but very quickly the mosaic starts drifting, and
eventually, when the holes end, it fails to stitch any more
images. In this conditions it was not possible to obtain a mosaic
of the entire hull. The fact that both assumptions mentioned
above limit the potential applications of MosaiQt initiated
the ongoing development of a 3D featureless reconstruction
pipeline, while still aiming for real-time capabilities.

V. TOWARDS REAL-TIME 3D RECONSTRUCTION

In order to expand the applications of real-time video
processing for underwater robotics, state-of-the-art monocular



Fig. 5. Mosaic of a uniform environment in bad visibility, from [29]

3D reconstruction methods are currently being explored, with
the goal of reaching all the scenarios mentioned in Section I.
Most of today’s approaches to underwater 3D reconstruction,
also known as structure from motion, uses feature based
camera motion estimation and sparse point clouds for structure
representation. Based on experience, as discussed in Section
IV, feature based approaches are limited in underwater envi-
ronments. In [30] the author shows how motion blur, noise,
and defocus drastically affect SIFT and FAST [31] detectors.
Furthermore, [23] compares the robustness of the direct DTAM
to the feature based PTAM [20] tracker under the above
mentioned conditions. It can be seen how a direct method
which exploits every image pixel is significantly more robust.
Apart from the tracking problem, the disadvantage of using a
sparse point cloud for 3D representation is when robots have
to interact with the reconstructed object, e.g. for navigation
purposes, and even more so for manipulation.

The approach developed in [30] achieve both camera
tracking and structure estimation in real-time without using
feature detection and matching, defining instead a per-pixel op-
timisation framework. For motion estimation between frames,
the authors optimise a cost function over all pixels in the
reference image Ia:

ε =
∑
u∈Ω

ψ(Ib(w(u,D(u), ξba))− Ia(u)). (6)

The transformation between pixel u ∈ Ω ⊂ R2 from image a
to image b, assuming a known intrinsic camera matrix K and
depth D(u), is:

w(u,D(u), ξba) = π
(
KξbaK

−1
[
uT 1

]T
D(u)

)
, (7)

where ξba are the transformation parameters. This is made
under the assumption of brightness constancy across corre-
sponding pixels, i.e. that Ib(w(u,D(u), ξba)) ≈ Ia(u) given
the correct ξba. This is generally not true, but it can hold
across a short time period, and can be improved performing
photometric normalisation of each video frame. Although (6)
is not convex, the authors show it is possible to achieve
convergence to the minimum if the initial parameters are within
a certain margin of error.

To compute a depth map, the basic approach would be
using the same cost function from (6), but fixing the transfor-
mation parameters and estimating depth. For each pixel in the

reference frame Ia, this would result in:

D(u) = min
d∈R+

M∑
j=1

ψ(Ij(w(u, d, ξja))− Ia(u)), (8)

where M ≥ 1 is the number of views observing pixel u.
In practice, along with the data term, a regularisation term
is introduced in the cost function for depth map denoising.
Every depth map is then integrated into the global surface.
The surface is represented using truncated signed distance
functions, using a weighted mean of overlapping depth maps
for its update.

The overall idea of the ongoing research is therefore to port
the concepts developed in [30] to underwater applications. The
challenges involve mostly dealing with the significantly worse
visibility compared to air, which is a problem especially for
camera tracking. Apart from image preprocessing to attenuate
degradation effects caused by water, additional approaches
are being studied to tackle this problem. Except on low-
end ROVs, inertial navigation systems are usually present on
robots, therefore one of the methods is to integrate the motion
estimation from the INS with the camera tracker, making the
3D system more robust to losing track. Additionally, fusion
of optically estimated depth maps with forward looking sonar
data will be explored to help the structure estimation in cases
of bad visibility. Finally, it still remains challenging to achieve
real-time performance, as all the algorithms have to run on
robot systems, which are not only limited by processing power,
but also often by the available communication speeds and other
infrastructural problems which are absent in lab applications.

VI. CONCLUSION

This paper presented an implementation of a system for
building image mosaics in real-time from video streams, and
the results obtained with it. Furthermore, it outlined the ongo-
ing research in building a real-time dense 3D reconstruction
tool capable of underwater operation, the results of which will
be published in the near future. It has been proven by the
2D mosaicking software that real-time models of underwater
environments are immensely useful in many applications,
therefore it is an exciting task to bring the latest achievements
of computer vision to such a challenging field.
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