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Silhouette Extraction

Segmentation techniques are frequently the foundation of automatic systems. The more accurate and robust the segmentation results are, the more
reliable an automatic system is. Due to security reasons, segmentation of
naval images is currently a subject of great interest.
In optical remote sensing images, the gray distribution of the background is barely spread and ships usually have opposite gray values than
the sea region (XFS11). HJGW07 applies a multi-threshold approach to the
Lab color representation of the images. A multi-level adaptive threshold is
developed by BRYD11. ZZWG10 uses the Chan-Vesel model to refine the
ROI that is previously obtained.
Due to the continuous and wide-area tracking (Kna10), SAR imagery
supports the detection of suspicious patterns and warning of potential
threats. TS11 proposes the use of the LBP and the local gray value variance.
A modified probabilistic winner-take-all (PWTA) clustering scheme is
derived by OB00. HYWH13 suggests applying the k-means clustering
algorithm to extract the ship in the ship regions that are previously located.
Infrared sensors are widely used and their characteristics allow simple
segmentation procedures as thresholding. JJT+ 06 suggests using a
threshold which depends on the gray mean and standard deviation of
the image to perform further region merging with an inverted L mask.
Due to its simplicity, such threshold is also used by WSVB99. It is applied
by ZZWC11 to a previously processed image as well. LW08 proposes the
Otsu method for thresholding, although YXCW04 obtains better results
applying morphological operations. LWCL12 uses a 4-connected neighborhood for region growing. A gradient relaxation technique is exploited
by BH90.
Previous ship segmentation of visible light images is often obtained by

65

5 Silhouette Extraction
means of thresholding, for example based on local complexity (WSWD10).
The Otsu method is suggested by FGL10 while thresholding based on
hysteresis is developed by BMGE01 and also used by LKF06. The correlation between two subsequent images is exploited by KYL13. This kind
of images is more suitable for extracting precise information, such as ship
silhouettes.
Ship silhouettes are valuable elements, also to build 3D models which
can in turn be used for further ship classification. However, reliable ship
silhouettes are difficult to extract in an automatic way. In fact, ZMM+ 09
states that further work towards this direction is necessary. Therefore
user interaction is sometimes requested. The gradient vector flow (GVF)
is suggested by KHP10, but if the gray distribution of the sea region is
very disperse human support is indicated. Morphology and thresholding
are applied by Kna10 once the user estimates the region image that contains the ship. The initialization of the technique proposed by RZ06 for
extracting ship silhouettes is obtained manually too.
A coarse localization process is presented in Chapter 4. However, when
it comes to the accuracy necessary to build 3D models, further refinement
is required. In order to extract the ship silhouettes, the use of graph-based
segmentation techniques is proposed. It is proven in this work that graphbased segmentation techniques can overcome the difficulties of the naval
environment if they are properly initialized.
Despite their high performance, the initialization is precisely one of the
drawbacks of graph-based segmentation techniques. In order to achieve an
accurate object segmentation user input is generally required before applying the graph-based segmentation, unless an automatic procedure is specifically developed. Automatic initializations are proposed in different contexts, as the detection of arbitrarily shaped buildings performed by OSY13,
human segmentation by HRER10 or vehicle detection by GCM10.
Due to the background complexity of these images, an automatic initialization procedure that leads to accurate results is not straightforward.
Thus, the proposed initialization is compared with a 10% frame initialization and a previous approach presented in Hol13, when the GrabCut,
MorphCut and the extended MorphCut are applied (CZ14). These segmentation techniques are described in Section 2.4.
A comparative study on automatic initializations for naval application
of graph-based segmentation techniques is presented in this chapter. The
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different initialization procedures, as well as the graph-based segmentation
techniques that are applied to them, are presented in Section 5.1. Final
results are evaluated in Section 5.2 and several conclusions are also drawn.

5.1 Automatic initializations
Obtaining the appropriate initialization of graph-based segmentations in
an automatic way is not trivial. This is proven by applying the graph-based
segmentation techniques to different initializations, which are presented
in the following.
The GrabCut algorithm is an iterative segmentation for RGB color space.
The color information is introduced by the GMMs. A full-covariance
Gaussian mixture with K components is used for foreground pixels and
another for background pixels. After the initial trimap T = {TB , TU , TF }
is indicated, the energy minimization process begins.
A second segmentation that is used in this study, MorphCut, is an
extension of the GrabCut algorithm. It inserts an intermediate step that
allows to reconsider the labels of pixels around the segmentation border in
the next iteration. In this step, an opening operation followed by a closing
operation are applied. Thus, convergence is slower and furthermore, the
energy no longer decreases monotonically. Nevertheless, as noted by the
authors, the GMMs fit better to the color distribution of these images and
therefore a more accurate result is achieved.
A pyramid structure to scale the input image of MorphCut is suggested
by Ruw08. The levels of the pyramid, or the scaling factors, are based on
the number of iterations selected. The first initialization of the GMMs is
used for the rest of iterations, assuming they remain practically constant.
However, in order to obtain a stable result, the initialization of the GMMs
before every new iteration is suggested by Hol13, which is the extension
of MorphCut finally applied.
Figures 5.1 and 5.2 show the result of the initialization techniques
when they are applied to the example images in Fig. 1.2(a) and Fig. 1.2(b)
respectively. The pixels that belong to the initial background region TB
can be seen in black, while the pixels that belong to the initial region TU
are white.
A simple automatic initialization is to assign a frame of the image as the
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(a) 10% frame initialization

(b) initialization of Hol13

(c) proposed initialization

Figure 5.1: Results of different initialization techniques when
they are applied to Fig.1.2(a).
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(a) 10% frame initialization

(b) initialization of Hol13

(c) proposed initialization

Figure 5.2: Results of different initialization techniques when
they are applied to Fig.1.2(b).
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background region TB , as in WSY12. The portion of image used as frame
can vary. Due to the simplicity of this initialization, the effort of evaluating
the different regions falls on the graph-based segmentation techniques.
Thus, depending on the background complexity, the segmentation process
might take several iterations and it would obtain very low precision and
very high recall in the beginning. For this study, a frame of 10% the image
dimensions is indicated as background (see Fig. 5.1(a) and Fig. 5.2(a)).
A second initialization, which is also specifically developed for this
kind of images by Hol13, is taken into consideration. A grid of seed
points is produced in the image and random pixels are assigned to them.
Furthermore, a mesh point is calculated for each seed point and all of
them are triangulated. A path resistance between the knots of the mesh is
calculated based on the similarity between seed points and, as a result, the
silhouette is created. The initializations of the example images show two
different situations. On the one hand, the initialization of Fig. 1.2(a) barely
comprises the real foreground region, as can be seen in Fig. 5.1(b). This
results in very high precision and low recall. On the other hand, the wake
of the ship is assigned to the initialization of Fig. 1.2(b), which comprises
the real foreground region but also part of the background as can be seen
in Fig. 5.2(b). Under such circumstances, the precision is lower and the
recall is very high.
Finally, the coarse ship location that is achieved by the localization procedure presented in Chapter 4 is proposed as initialization of graph-based
segmentation techniques. Consequently, the initializations that correspond
to Fig. 1.2(a) and Fig. 1.2(b) are shown in Fig. 5.1(c) and Fig. 5.2(c) The
convexity definition of the coarse location comprises the foreground region accurately, which facilitates a fast refinement that leads to very high
precision and recall.
The comparison between the development of the three initializations
when the extended MorphCut is applied to Fig. 1.2(a) and Fig. 1.2(b) can
be seen in Fig. 5.3 and in Fig. 5.4 respectively. Each column illustrates the
development of a different initialization, while each row shows the three
results after the indicated number of iterations.
When the 10% frame initialization is utilized (see Fig. 5.1(a) and
Fig. 5.2(a)), both figures show how the effort of evaluating the different regions falls on the graph-based segmentation technique. Depending
on the regions of the background, the algorithm may take many iterations
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to segment the ship. Actually, while the improvement between iteration 1
and iteration 2 can be clearly seen in Fig. 5.3, the effect of the shadow of
the ship can be seen after iteration 10 and it still remains after iteration 15,
i.e. 5 iterations later. The same effect can be observed in Fig. 5.4, where not
only the shadow but also the wake of the ship still remains after iteration
15.
Applying the initialization technique proposed by Hol13 leads to different situations. The initialization that is shown in Fig. 5.1(b) has a small
surface that is comprised by the real ship silhouette. As the extended
MorphCut is applied (see Fig. 5.3), the silhouette surface continues to
diminish and so does the recall, while the precision maintains high values.
However, the development of the segmentation process that is shown
in Fig. 5.4 illustrates how the segmentation technique is responsible for
removing the wake of the ship, that is still part of the silhouette after
iteration 10.
When the proposed initialization is used, the desired refinement of the
coarse locations is reached after only iteration 1, as can be observed in
Fig. 5.3(a) and in Fig. 5.4(a). Next, a smooth degradation follows. The
refinement of the proposed initialization is, in comparison with the refinement of the subsequent iterations, substantially larger. It seems that the
color models reach the best possible state when they are initialized this
way, becoming almost stable for the next iterations.

5.2 Results
In order to assess the quality of the results, the ship silhouette is manually
extracted from each image. The handmade ship silhouettes are compared
with the results obtained for each initialization and segmentation. Thus,
precision and recall are calculated. In order to ease the comparisons, the
F-measure is also obtained.
The results of GrabCut along 15 iterations can be observed in Fig. 5.5.
When it is initialized by the 10% frame, results reach stability after very
few iterations. However, their quality is considerably poor compared with
the other initializations. In fact, the best value of F- measure after the 15
iterations that are considered is 56.04%, which is obtained after iteration
5. The second initialization leads to worse results than the proposed
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10% frame
initialization

initialization
proposed by Hol13

proposed
initialization

(a) iteration 1

(b) iteration 2

(c) iteration 10

(d) iteration 15

Figure 5.3: The results of applying the extended MorphCut to
the three different initializations of Fig. 1.2(a) are
shown in each line. Black pixels represent the background and white pixels the foreground.
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10% frame
initialization

initialization
proposed by Hol13

proposed
initialization

(a) iteration 1

(b) iteration 2

(c) iteration 10

(d) iteration 15

Figure 5.4: The results of applying the extended MorphCut
to the three different initializations of Fig. 1.2(b)
are shown in each line. Black pixels represent the
background and white pixels the foreground.
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initialization. In terms of F- measure, the best values achieved by both
initializations are 82.48% and 87.05% respectively, which are reached after
the first iteration. Furthermore, it shows an irregular behavior while the
proposed initialization reinforces the fast convergence and stability of
GrabCut.
When MorphCut is applied (see Fig. 5.6), foreground pixels become
background pixels due to the morphological operations. The proposed
initialization achieves the best result after only the first iteration, 89.27%
according to the F-measure, and deteriorates along the rest of iterations. A
similar development is shown in Fig. 5.6(b), whose degradation is slower.
However, precision and recall are significantly worse than the values
obtained by the proposed initialization during the first iterations. In fact,
the best value of F- measure is 81.78%, which is obtained after the first
iteration too. As expected, the 10% frame initialization leads to the worst
results again. Nevertheless, MorphCut allows it to achieve better results
than GrabCut after some iterations. The best F-measure value of the 10%
frame, 64.17%, is reached after iteration 15.
The development of precision and recall along iterations of the extended
MorphCut are very similar to the previous graph-based segmentation
techniques, according to Fig. 5.7. Slightly better results are obtained for all
initializations in this case though. For example, the proposed initialization
achieves the best F- measure, 88.87%, after the first iteration. The recall
degradation, as well as the increase in precision, is very slow. This leads
to a smooth degradation of the silhouette along iterations, which can be
seen in Fig. 5.3 and Fig. 5.4. They also show different responses to the
initialization technique suggested by Hol13. As a consequence, Fig. 5.7(b)
shows an irregular development, which no longer leads to the best result
after the first iteration, according to the F- measure. The best value, 82.77%,
is instead obtained after iteration 3, which is lower than the best result of
the proposed initialization. In addition, the 10% frame initialization experiences the best result after iteration 13, when it reaches a F-measure value
of 65.5%. The growing behavior of the F-measure is also demonstrated in
Fig. 5.3 and Fig. 5.4.
The average F-measure of the proposed initialization procedure, i.e.
before applying any graph-based segmentation, when it is compared with
the handmade ship silhouettes is 79.95%. A significant improvement is
thus achieved by every graph-based segmentation technique.
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Figure 5.5: Average precision (×), recall (♦) and F- measure (+)
of the image set when GrabCut is used.
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Figure 5.6: Average precision (×), recall (♦) and F- measure (+)
of the image set when MorphCut is used.
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Figure 5.7: Average precision (×), recall (♦) and F- measure (+)
of the image set when the extended MorphCut is
used.
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A summary of the best results in terms of F-measure and the corresponding number of iterations that it takes to achieve them is presented in
Table 5.1. Based on these results, it can be seen that GrabCut convergence
is faster than the other two graph-based segmentations. Actually, the best
results according to the F-measure occur earlier when GrabCut is used
for the two alternative initialization procedures taken here into consideration. The proposed initialization reaches the best F-measure after the first
iteration, independently of the graph-based segmentation. In addition,
the quality of every result improves with the application of the extended
MorphCut.
Promising results are achieved when this silhouette extraction procedure
is applied to infrared images, despite their different characteristics. An
example can be seen in Fig. 5.8. The result of the proposed coarse ship
localization is shown in Fig. 5.8(b), which leads to the silhouette that can
be seen in Fig. 5.8(c) when GrabCut is used after iteration 1.
The use of these graph-based segmentation techniques produces the
desired refinement of the coarse ship location, which is proposed as automatic initialization. The quality of the final results is substantially high,
especially for an automatic approach in such unfavorable conditions, what
confirms the choice of the graph-based segmentation techniques.
A comparative study between the proposed initialization and earlier
approaches is performed as well. This study proves that the precision
and recall of the results are considerably higher when the graph-based

Table 5.1: Best average F-measure (%) and the iteration after
which occurs for each initialization method and
graph-based segmentation.
GrabCut

MorphCut

ext. MorphCut

Initialization

F (%) iteration

F (%) iteration

F (%) iteration

10% frame

56.04

5

64.17

15

65.5

13

Hol13

82.48

1

81.78

1

82.77

3

proposed

87.05

1

89.27

1

88.87

1
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(a) input image (source: WTD71)

(b) proposed coarse ship location

(c) iteration 1

Figure 5.8: Silhouette extraction results obtained by the proposed procedure in infrared image.
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segmentation techniques are initialized with the coarse ship location, regardless the graph-based segmentation. It favors a proper adaptation of
the GMMs to the color distribution of the image, which suffers from strong
color changes as wakes or shadow regions.
Furthermore, it reveals that for every graph-based segmentation the
best results of the proposed initialization are obtained after only the first
iteration. This not only facilitates the selection of a stopping criteria, but
also increases the performance significantly. Conversely, such results
are not reached by the other two initializations within the 15 iterations
considered. Thus, the suggested sequence of techniques, i.e. feature
extraction followed by coarse ship localization and further refinement by
means of graph-based segmentation techniques, is a suitable combination.
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3D reconstruction has proven to be a very powerful tool in the past years.
It has an extensive variety of applications in very different fields. For
instance, it is conducted for human motion analysis (GYM10), quantitative
measurements of submerged structures (BAP+ 07), or assessment of aneurysms (HDC12). Thus, different approaches and further improvements
to perform 3D reconstruction are developed.
The resulting 3D models are very sensitive to the success of the various steps of the reconstruction process. Consequently, they are usually
performed in restricted environments of some kind. This may facilitate
the silhouette extraction from the background of the image. For example,
providing a background of uniform color is recommended by NS96. In
order to obtain the silhouette of the coronary arteries, a contrast medium
is injected with help of coronary catheters (HDC12).
Additionally, the quality of the 3D model relies on the accuracy of the
camera calibration. Therefore the complexity of the calibration process can
be reduced, as in BAP+ 07, if the trajectory of the camera can be previously
defined. Naturally, controlled conditions also allow to use assumptions
as the Atlanta World (AW), that presumes horizontal orientation of the
camera. In KM05, a dominant ground plane on which people stand vertically is assumed. However, the characteristics of maritime environments
complicates the 3D reconstruction process. As these are random effects,
assumptions are unlikely to lead to successful results.
In order to achieve effective camera calibration, JR11 adopts an algorithm based on neural networks, in which corners that train the neural
networks are extracted by means of the Harris detector. A Bayesian solution that makes use of foot-to-head detections is presented by KM05,
while DKK09 advocates the refinement of control points of planar pat-
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terns. ZLZ08 devises a method based on non-collinear points, in which
valid constraints for camera calibration are developed. Another common
calibration approach is based on the estimation of the three mutually orthogonal directions associated with the reference world coordinate frame.
The camera pose relative to the object is defined by the three mutually
orthogonal directions. These orthogonal directions provide with useful
information about the image. Their estimation can be obtained by different procedures, usually under the Manhattan World (MW) or the AW
assumption. Besides camera calibration, some additional applications
of the three mutually orthogonal directions are image understanding or
robotic navigation.
In general, the calculation of the vanishing points to estimate the principal axes is a very usual procedure (see Section 2.5). An alternative
algorithm based on the log-magnitude spectrum of a region of interest is
presented by LRK+ 08. It is performed on an experimental die as well as
on naval images but it needs user initialization.
In the following, an approach to automatically estimate the three mutually orthogonal directions associated with the reference world coordinate
frame in naval images is proposed. It is based on the feature angles that
are devised in Chapter 3. Furthermore, the proposed estimation of the
orthogonal directions is compared with the estimation obtained by a vanishing point technique. The use of vanishing points is very extended
and no human interaction is required. This comparison demonstrates the
convenience of the technique developed for these kind of images.
In particular, the implementation of LPYZ10 is used. It performs vanishing point detection by decomposing a 2D Hough space into two cascaded
1D Hough space. The authors come to the conclusion that the results
are comparable to the results achieved by means of the EM algorithm
developed by KZ02, but the performance in terms of computational time
and memory is higher.
The process of detecting the principal axes of the world coordinate frame
is explained in Section 6.1. The results of the proposed and the alternative
methods are evaluated in Section 6.2, which finally leads to the presented
conclusions.
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6.1 Estimation process
Ship structures of the images may ease the principal axes estimation.
Edges that make straight lines in the structures are semantically linked to
ships. However, when the surface of the background is high textured, the
detection of these significant lines is no longer trivial.
The proposed estimation intends to take advantage of the segments
obtained by applying the shape-based process to the feature lines, which
is presented in Section 4. The segments are grouped now following an iterative procedure that uses some principles already exploited for estimating
the centerline.
Besides the conditions required in Eq. 3.1 and Eq. 3.2, an additional
constraint is applied to the line grouping process
θi,j < θi−1,j + γ

(6.1)

∀j and i = 1, . . . , lj − 1, where γ is set by the user and γ ≤ ϕ. The principal
axes are given by the three groups that iteratively fulfill that
lj −1

ĵ = arg max
j

X

di,j

(6.2)

i=0

respectively, where di,j is the length in pixels of the segment i of the group
j. Since the segments are assumed to belong to the ship, the directions
are given by the average direction of each selected group. Segments with
the same direction are weighted as many times as they are present. This
procedure is iteratively performed for each principal axis. The estimation
of the three principal axes of Fig. 1.2 can be seen in Fig. 6.1.
Depending on the angle coordinates of the camera, two of the principal
axes may have very similar directions. In this case, unless the values
of the parameters γ and ϕ are very low, the two principal axes would
belong to the same group and would be merged in one common direction.
Otherwise, this situation is considered by the proposed estimation process
if only two groups exist and therefore only they are selected. The iterative
process of selection lacks a stopping criteria of that matter.
The images that can be seen in Fig. 6.2 suffer from such circumstances.
In Fig. 6.2(a) the longitudinal and lateral axes have very similar direction,
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(a)

(b)

Figure 6.1: Principal axes of Fig. 1.2 estimated by the proposed
method.
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(a)

(b)

Figure 6.2: Principal axes estimated by the proposed method
when two of them have similar directions.

while that is the case of the vertical and longitudinal axes in Fig. 6.2(b).
The third axis is unnecessary and yet calculated.
For comparison purposes, a different automatic procedure that estimates
the principal axes is applied to the same image dataset. They obtain the
polar representation of the intersections of all pairs of existing lines in the
image and build a histogram. The peaks of the histogram are considered
to determine the angle coordinates of the vanishing points. In order to
calculate the radial coordinate, the triangle formed by the vanishing points
is considered. The constraints devised from the altitudes of the triangle
are used to calculate the missing radial coordinate.
The three principal axes of Fig. 1.2 that are obtained by this method can
be seen in Fig. 6.3. It can be observed that not all of them reach the same
accuracy as the principal axes that are shown in Fig. 6.1. This procedure
allows to detect axes with very similar directions, as can be seen in Fig. 6.4.
However, despite this ability, in Fig. 6.4(b) the two similar axes are missed
by this method. Nevertheless, the evaluation is presented in the next
section.
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(a)

(b)

Figure 6.3: Principal axes of Fig. 1.2 estimated by method suggested by LPYZ10.
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(a)

(b)

Figure 6.4: Principal axes of Fig. 1.2 estimated by method suggested by LPYZ10 when two of them have similar
directions.

6.2 Results
In order to assess the quality of the results, the principal axes are extracted
by hand from each image of the dataset. The difference between the
direction that is manually obtained and its estimation is calculated for each
axis. It is defined as the error of the corresponding axis.
The error of the each principal axis is calculated for all the images of
the dataset when the proposed method is applied and can be seen in
the histograms of Fig. 6.5. The average error produced by the proposed
method is 5.45◦ in the detection of the longitudinal axis, 14.88◦ in the
vertical axis and 19.67◦ in the lateral axis.
The error made by the alternative method when it is applied to the same
dataset is shown in Fig. 6.6. It reaches an average error of 17.48◦ in the
detection of the longitudinal axis, 42.17◦ in the vertical axis and 15.96◦ in
the lateral axis.
The estimation of the longitudinal axis of the ship that is performed by
the proposed technique results in the lowest average error produced by
this technique. It is also lower than the lowest average error produced
by the alternative method. This confirms the convenience of basing the
feature extraction method on the elongated characteristic of ships. The
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elongated nature of the ship merely influences the estimation of the longitudinal axis made by the alternative method since the lowest error is given
by the estimation of the lateral axis. However this axis is, on average, the
worst estimated axis by the proposed technique, presumably given the
short dimension of ships along this axis. These results confirm the structural properties of the foreground object, which shows that the proposed
procedure overcomes the effect of the background independently of its
complexity, especially the high amount of background edges. The value
of the vertical axis error achieved by the alternative method is extremely
high.
The selection of three different groups can be seen as a straightforward
drawback, which might increase the average error of the corresponding
axis. Yet, the maximum error that the alternative method obtains for each
axis is always larger than the maximum error produced by the proposed
method, despite its ability of overcoming this situation.
The presented automatic estimation of the three principal axes extends
previous works in naval images, which require user interaction or detect
only the centerline in an automatic way. Although the accuracy of this
method is high, especially taking into consideration the adversities of this
environment, a stopping criteria to select a variable number of groups
accordingly would increase it. A previously developed method, which
is based on the vanishing points principle, is applied to these images
and makes average errors up to 42.17◦ . Furthermore, the maximum error
achieved for each axis by the proposed method is lower.
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Figure 6.5: Histograms of the error (in degrees) of the longitudinal axis (left), the vertical axis (center) and the lateral axis (right) obtained by the proposed method.
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Conclusions

This thesis goes through different image processing techniques for naval
images. In particular, feature extraction, localization, segmentation and
estimation of the principal axes. These techniques support applications
such as ship monitoring or detection of illegal activities which are especially of great interest to maritime authorities. There exist various imaging
technologies that bring different advantages to each application. Therefore different methods are developed, which are reviewed for each image
processing technique. They can be seen in Fig. A.1 represented as a cloud
of words.
Remote sensing imagery, in particular, optical remote sensing, synthetic
aperture radar (SAR) and infrared images are mostly used. This work
is developed for high resolution images captured by sensors working
in the visible light range. These images allow to obtain accurate ship
representations, although the characteristics of the maritime environment
are visible. This thesis reviews the difficulties of these images and how
to overcome them. The proposed procedures are evaluated in the same
dataset of naval images.
The proposed feature extraction technique uses the edge character of
these images. While edges in the background have a random appearance,
ships can be semantically described by straight lines. Therefore, in the
development of the feature extraction technique, the Hough Transformed
(HT) is used.
In order to extract the features, the ship centerline is estimated first.
Rather than take the peak of the HT, as previously suggested, the proposed
process is based on a set of lTmax lines composed of at least vTmin edge
points. These lines are clustered, allowing to discard long lines from the
background or the height profile of the ship. Next, lines that belong to a
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proposed feature angles model are enhanced by a modified HT despite
their length or gradient strength, unlike in previous procedures. Lines of
high gradient strength usually correspond to waves or wakes. Besides, the
proposed voting strategy allows to enhance short lines that are part of the
ship. Finally, a segment processing is performed based on the classification
of the background complexity. This classification allows to obtain accurate
results even when the background is high textured.
Edges are present to a certain degree in every naval image, only their
distribution change. Features such as color or texture lead to worse water
or ship descriptions because these properties vary highly. The method
proposed by CHT12 is applied to the dataset used in this thesis for further
evaluation and analysis. A set of 2 × nt texture patterns is decomposed
in binary images, from where fractal measurements are calculated. The
user selects the number of thresholds nt . However, this method fails to
distinguish between water and ship texture patterns. Assuming that the
interval selection is accurately performed, the error is still much higher
than the proposed technique. Besides, different number of thresholds are
required by the naval images to achieve the same level of error.
A coarse localization based on the extracted features is also presented.
Additionally, a shape-based processing is proposed which eliminates eventual spurious segments while significant segments remain. As a result, the
precision of the ship locations is increased. If perpendicular elements as
antennas or masts are missed, the convex definition of the ship location
makes coarse ship locations much smaller. However, these are low relevant
elements and it is able in turn to ignore salient regions as reflections or
wakes.
The silhouette extraction is performed by means of graph-based segmentations techniques. They must be initialized by providing the background region, which is usually done manually. Nevertheless, the coarse
location is proposed as automatic initialization. It comprises the foreground region accurately, which facilitates a fast refinement that leads to
very high precision and recall.
Furthermore, a comparative study on automatic initializations for naval
application of graph-based segmentation techniques is performed. Besides
GrabCut, MorphCut and the extended MorphCut are applied to the proposed initialization, the initialization suggested by Hol13 and a 10% frame
initialization of the background. When these graph-based segmentation
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techniques are applied to naval images, their behavior is similar. As iterations advance, precision tends to increase while recall decreases. Therefore,
it is important that the initialization achieves the highest values at the beginning of the process. In terms of F-measure, the proposed initialization
achieves the highest values in comparison with the other initializations
regardless the segmentation used. Besides, such values occur after the
first iteration unlike the other initializations, which simplifies much the
stopping criteria. This being so, the performance is significantly higher.
A very common calibration approach is based on the estimation of
the mutually orthogonal directions associated with the reference world
coordinate frame. An iterative estimation procedure using the segments
of the shape-based processing is proposed. If two principal axes have
very similar directions, the proposed algorithm may merge them and
estimate a third one. Detecting this situation to obtain a variable number
of estimations accordingly would increase the performance.
The principal axes estimation is compared with the approach developed
by LPYZ10, which is based on vanishing point detection. The maximum
error achieved for each axis is higher than the achieved by the proposed
method. The average error of the horizontal and vertical axes is also
significantly higher. However, the average error of the depth axis is higher
when the proposed method is applied probably due to the short dimension
of the ships along this axis.
The key step is the development of the feature extraction and the other
techniques benefit from it. The proposed sequence of techniques, i.e. feature extraction, coarse localization and silhouette extraction, is appropriate
in order to reach stable, accurate and fast silhouette extraction. The effect
of the background is overcome independently of its complexity by using
the segments of the shape-based processing.
Among the contributions of this work, the ship silhouettes and the
principal directions are possibly the most obvious. Together, they have
a clear application which is the 3D reconstruction. Following the initial
flowchart of Fig. 1.1, an example of the complete preprocessing system can
be seen in Fig. 7.1.
However, each technique could separately be used for different tasks.
The features could be exploited for correspondence analysis. The feature
angles model could be modified according to the structural properties of
other objects such as cars. The coarse ship location might assist operators
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to process the naval images. It also represents an alternative to saliency
maps to identify and prioritize important information in naval images.
The application of the silhouette extraction procedure to infrared images
could also be investigated, as first results seem promising (see Fig. 5.8). A
classification system could be supported by the ship silhouettes as well.
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proposed preprocessing

3D Reconstruction
Figure 7.1: Example of a complete preprocessing system for 3D
reconstruction following the flowchart of Fig. 1.1.
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Figure A.1: Cloud of words of different image processing methods applied to naval images.
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(a)

(b)

Figure B.1: Input images of Fig. 7.1.

100

(a)

(b)

Figure B.2: Feature extraction results of Fig. 7.1.
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(a)

(b)

Figure B.3: Coarse localization results of Fig. 7.1.
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(a)

(b)

Figure B.4: Silhouette extraction results after iteration 1 of
Fig. 7.1.
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(a)

(b)

Figure B.5: Principal axes estimation results of Fig. 7.1.
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