A VISION-BASED FUZZY EXPERT SYSTEM FOR THE SURVEILLANCE AND
DIAGNOSISOF HYDRODAMS USING UNDERWATER COLOR IMAGE ANALYSIS

Abstract: Surveillance of hydro plants represents a serious environmental problem. Limited access to
upstream areas of hydro-dams makes their visual inspection difficult. However few attempts to build
computer vision systems for upstream dam walls monitoring and diagnosis are currently reported;
this artificial vision application area is on its beginning. In this paper we propose a novel solution
towards the automation of underwater hydro-dams monitoring and diagnosis, based on the visual
examination of color underwater images of the upstream dam walls acquired with the use of an
underwater robot vehicle. Whereas the traditional methods require the human expert to visually
examine the underwater images (a time-consuming and tiring task), the solution presented here
reduces significantly the need for a human expert examination. This goal has been achieved by
developing an image analysis subsystem specific to underwater dam wall examination, designing a
fuzzy expert subsystem for the upstream dam wall diagnosis and combining the two subsystems into a
complete vision-based fuzzy expert systemfor a specific diagnosis task of the damwalls.

Keywords. computer vision; color image segmentation; underwater image analysis; fuzzy expert
system; hydro-dam visual diagnosis

1. Introduction

Surveillance and monitoring of the hydro dams represent a serious environmental and
technical problem. Some tasks of the hydro dam inspection process, especially the examination of the
dam walls, require their visual inspection. However, limited access to certain areas, especialy the
upstream side of a dam, makes their inspection process difficult. Recently, computer vision
techniques are considered a cutting-edge technology, promising for the underwater surveillance of the
wet side of the dam. Among the systems based on the computer vision techniques for dam inspection,
afirst achievement was reported by Hydro-Québec, Canada [1]; an underwater robot vehicle (URV) is
used for the inspection of upstream dam walls and other structures in hostile environments. The URV
possesses vision capabilities, using two color video-cameras to produce 3D images of the underwater
dam walls. A similar system, based on a remote operated vehicle (ROV) with vision capabilities
provided by a color video-camera, is the one presented in [2]. In this work, the acquired underwater
images of the upstream dam walls were processed to obtain the dam wall mosaic. Another system
making use of artificial vision for dam inspection is the one reported in [3]. This system proposes a
method based on image analysis in the visual domain, using surface images, to measure the water
level of the dam, by capturing images around the water surface.

As these works show, so far the emphasise was mainly on the hardware design of the URV
and on the system of video cameras used for accurate image acquisition. Less progress has been done
in developing image analysis algorithms to automatically analyse the acquired images of the upstream
dam walls, thus helping the human in the visual dam monitoring and diagnosis task. However the
importance of vision in underwater robots vehicles as well as the interest in automated underwater
image analysis for various surveillance and monitoring tasks [4,5] is more and more often admitted.
Therefore we consider that soon the computer vision-based expert systems for the monitoring and
diagnosis of the hydro-dams will become a powerful new application of the artificial vision. The
vision-based fuzzy expert system presented in this paper, designed for the diagnosis of the upstream
face of a hydro-dam, represents such a novel application of a fuzzy expert system based on
underwater image analysis techniques.

2. Overview of the proposed vision-based fuzzy expert system
2.1. Thetasksof the proposed system

In the general framework of upstream hydro-dam walls visual examination for monitoring and
diagnosis, a specific task isto examine the metal sliding bars that support the protective shield. These



metal sliding bars consist from flat metal bar green pieces, fixed in screws on the protective shield,
illustrated in Figure 1.

Siding metal bar

Fixing screw

Protective shield

Figure 1. Underwater image of the upstream dam wall with sliding metal bar

The protective shield is a layer made of concrete slices (with pressure equalization holes) placed
in front of the concrete walls of the dam on the upstream side in order to prevent rocks and stumps
(brought in by the river after the winter from the mountain sides) to hit and possibly damage the dam
walls. Therefore evaluating the status of the protective shield and of the flat metal diding bars that
support the protective shield is very important in the surveillance and diagnosis of the hydro-dam.

Human experts usually evaluate the shield and its metal diding bars visualy. The two visual
examinations are considered as separate tasks; in the following we address only the second task: the
visual examination of the metal diding bars supporting the shield. The examination is done
considering the following set of information about the status of the dliding bars, collected from the
human expertsin the field:

- integrity check of the diding bar: the bar can have portions corroded by the water, or a

displacement between two ends of the pieces of the bar;

- pieces of agae or rust on the screws that fix the bar on the shield; thisisillustrated in Figure

2(a), and in time it can lead to a faulty operation of the shield.

Also in the underwater images of the diding bars, we may have obstacles in front of the bars, as
tree branches, that make the dliding bar not visible for the visual examination, as illustrated in Figure
2(b). In this case, no information can be collected about the status of the bar in that portion.

Figure 2. Underwater images with sliding metal bars, in whjch:
a) a piece of algae is present on a fixing screw; b) the sliding bar is almost completely
occluded by obstacles (tree branches)

However, only a subset of the underwater images of the upstream dam walls will contain metal
diding bars. On the other hand, especially when using an URV system, the number of images
acquired in the inspection processis very large (on the order of 10000 images/session), even for a part
of the dam. This renders the human visua inspection a very time-consuming (and tiring) process. An
automated image analysis system, combined with an expert system to point the user directly to the
images that contain possibly damaged portions of metal dliding bars and give information about the
degree of damage in a linguistic fashion, can ease very much the visua inspection task. This is
purpose of the system presented here.



2.2. Theblock diagram of the proposed system

In order to perform an automated visual investigation of the dliding metal bars in the color
underwater images of the upstream dam walls and to provide as result of the investigation linguistic
information about the successive parts of the sliding metal bar, two components need to be included in
our computer vision system:

a) Animageanalysis component, which will be responsible for:

(i) the rough localization of the dliding metal bar in the underwater image (determining and
separating the so-called region of interest (ROI); the region of interest will be the only image part
used for further processing and data extraction)

(ii) the segmentation of the region of interest into areas belonging to the object of interest (i.e. to
the sliding metal bar), areas belonging to the background (i.e. the shield) and areas corresponding to
obstacles (i.e. tree branches, algae, rocks etc.)

(iii) accurate separation of the areas corresponding to the object of interest (the sliding metal bar)
and any other areas in the region of interest (background or obstacles) and quantitative description of
the object of interest; this stage will provide the data needed by the expert system in order to decide
about the status of the sliding metal bar and give alinguistic evaluation of this status.

b) An expert system component to diagnose the metal sliding bar. Based on the information
received from the image analysis component and on the knowledge base “learned” from
human experts visua, it will provide its diagnostic about the status of the bar (according to
the issues of interest mentioned in subsection 2.1) in the form of some linguistic labels.

The principled block-diagram of the proposed vision-based expert system is presented in Figure 3.
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Figure 3. The black-diagram of the proposed vision-based expert system for the diagnosis af
sliding metal bars in underwater images of the upstream dam walls

3. Theimage analysis component

As briefly explained in the previous section, this component is responsible for extracting useful
information about the object of interest (the dliding metal green bar) from the current underwater
image to be processed. Underwater image analysis is in general a much more difficult task than the
analysis of color images in the visible domain [5]. The difficulty in processing the underwater dam
images comes from their particularities, namely: low visibility, variable illumination, low contrast and
blurring. Some of these particularities (as the variation of illumination and blurring) are partialy
introduced by the acquisition system (in most of the cases — an Underwater Robot Vehicle (URV)
equipped with a video-camera).

Therefore the suitable image analysis techniques must be carefully selected, depending on the
specific application to be solved. There are no genera methods from the large class of image
processing algorithms to be “universally” applied to underwater image analysis, but rather, in the
design of an underwater image analysis system, experiments must be performed in respect to the best
combination of algorithms, processing parameters and feature spaces to find the solution that gives the
desired results.

Ancther consequence of the poor quality of underwater images is that using only the luminance
component for the image analysis is not sufficient. No information loss is affordable in the case of
these images; therefore the use of color information is essential for good processing results. This



principle is aso employed in the system designed here, especially since the color is a highly
discriminative feature for the object of interest in our application: the sliding metal bars, of green
color, as opposite to the shield, agae and tree branches, which have a gray-to-brown or gray-to-green
color.

As in genera in the case of image analysis systems for not very good quality images [6,7],
dividing the image analysis process in several steps is benefic. As the first step we should first
roughly select a region of interest from the image, containing the object of interest. Then we will
process and analyze only the selected region of interest, to:

@ segment as accurate as possible the object of interest from the other parts of the region of
interest; depending on the image at hand, this segmentation can also be a rather difficult
task, and it might require more than one step (algorithm).

(b) provide some quantitative description of the object of interest, in our case — some area
measurements of the object of interest — the sliding metal bar.

3.1. Region of interest localization

This step can be seen as an image pre-processing one. During the region of interest localization,
we define our objective as to select from the currently analyzed underwater image the smallest
possible rectangular region that contains completely the sliding metal bar portion present in the image,
with no loss of diding metal bar areas.

To do that in an easy and fast fashion, we make use of a rough color discriminative feature
between the bar and the background (i.e. the shield). Since the dliding metal bar has dominant green
color whereas the concrete shield has dominant gray-to-brown color, then considering the
representation of the color image in the (R,G,B) space, the color difference between the green
component and the red component, R-G, will be a good discriminative between the bar and the shield
as.

(& itwill have alarge value for the sliding metal bar (large G, very smal R)

(b) it will have asmall value for the concrete shield (comparable values of G and R) and also for

the tree branches and algae.

Of course, in the real case of the underwater images considered, the discriminative power of G-R
will not be as good as it should ideally, and this is due to the green-like illumination in the water. This
can be noticed in the G-R image presented in Figure 4(b) for the original image in Figure 4(a).

However the G-R discriminator becomes strong enough for defining the image of interest around
the dliding bar if we perform a histogram stretching of the resulting G-R image. Then the image from
Figure 4(b) leads to the image in Figure 4(c), where the difference G-R values for the dliding bar are
indeed significantly larger than the difference G-R values for the other objects in the scene, allowing
the localization of the ROI.

Figure 4. Illustration of the discriminative character of the G-R color difference component for the
dliding metal bar: a) the original underwater image — the bar is not clearly separable in respect to
all areas of the shield; b) the G-R image, without histogram stretching; c) the G-R image, after
histogram stretching — the bar is clearly separable from the rest of the scene

Even with this additional histogram processing, there are cases of very poor underwater images
when parasitic image regions, with large values of G-R outside the dliding bar, appear. To reject these
parasitic image regions from ROI, we apply a simple algorithm in which:



(& We first threshold the image with a value Tgr that
separates in the stretched histogram the very large values
of G-R from the small values G-R. Thus we obtain a
binary image comprising white “candidate regions” to &=
the dliding bar category on a black background :
(b) We measure the area in pixels of each candidate region =
and keep as real diding bar regions only those whose |
area is at least 90% from the largest candidate region |

Figure5. The
resulting ROI for
the original image
in Figure 4(a) at

area _ . ) the output of the
Afterwards, the minimum rectangle containing the regions ROI localization
decided to belong to the sliding metal bar represents the ROI and stage

is selected from the origina underwater image for further
processing. The ROI resulting for the original image in Figure
4(a) as output of the ROI localization stage is presented in
Figure5.

3.2. Color segmentation of theregion of interest

The output of the previous step is a sub-image (denoted as ROI) that contains not only the object
of interest, but also some (small) regions belonging to the shield and possibly obstacles in the
neighborhood of the object of interest. Therefore in order to describe the status of the object of
interest, in our case the sliding metal bar, we must perform a segmentation of the ROI into (at least)
two classes: one class comprising the image regions belonging to the diding metal bar and the other
class comprising regions from the shield and obstacles (tree branches, algae).

Even though the image to be segmented in this stage has a much simpler content than the entire
underwater image used for analysis (sinceit isjust a sub-image in which the main object is the dliding
metal bar), the segmentation is not an easy task, due to the aforementioned particularities of the color
underwater image (low contrast, poor illumination, variable illumination, water reflections, blurring).

As in the previous stage, we consider the use of color for segmentation, since the color of the
diding metal bar is the most discriminative feature from the other parts in the ROI. However our
attempts to separate the diding metal bar through color segmentation applied globally on the entire
ROI lead to poor separation results of the sliding metal bar from the other parts of the ROI. Therefore
we consider a further split of the ROI into 10 horizontal slices, of equal width, and applying a color
image segmentation algorithm in each dlice. Actualy we consider this decomposition strategy benefic
from other two points of view aswell:

(a) it allows the expert system to indicate with higher accuracy to the user the damaged/partially

occluded by obstacles areas of the diding metal bar;

(b) it keeps the segmentation complexity on alow level, since the data set to be simultaneously

processed (i.e. the number of pixels) is 10 times smaller than in the global segmentation case.

e The 3-class color fuzzy c-means segmentation stage of the color underwater ROI

A widely used segmentation algorithm, especially when the images are to be segmented at pixel
level, with good results for noisy and blurred images [8,9] is fuzzy c-means [10]. One of the
advantages of fuzzy c-meansin color image segmentation comes from its ability to segment (classify)
vector data; this allows us to completely represent each pixel by the 3 color components. The data set
to be segmented in each dlice is the set of pixel colors in the dlice. We examined experimentally, on
10 images with different statistics, the suitability of color representation in different spaces for
segmentation: (R,G,B), (H,L,S), (Y,U,V). If we use the standard form of fuzzy c-means, with
Euclidean distance function [10], then the most suitable feature space for representing the color
according to this distance between the colorsis the (R,G,B) space.

The number of classes for fuzzy c-means segmentation was aso experimentally selected,
considering as candidates two vaues: C=2 — corresponding to the segmentation of dlice pixels into
“dliding metal bar” and “other regions”’; C=3 — corresponding to the segmentation of slice pixels into
“diding metal bar”, “shiddd” and “other”. The value C=2 proves unsuitable for a reliable
segmentation; in this case, some of the experiments run on the 10 images mentioned above show an
incorrect assignment of some regions of the sliding metal bar to the “other regions” class and vice-



versa. However, C=3 gives an accurate enough segmentation result. Therefore the fuzzy c-means
segmentation of each dice in the ROl was performed in the (R,G,B) space with the Euclidean distance
in C=3 classes.

The fuzzy c-means segmentation result is illustrated in Figure 6(b) for the origina image in
Figure 6(a). Examining this segmentation result, one can notice two unwanted but expectable aspects
in the segmented image:

(&) Incomplete segmentation at dlice
level: that is, there are dlices in the
segmented ROI where the diding metal bar
is represented by two different classes from
the total of three (the classes being
represented each one through a different |
color). This could be expected aslong as we
chose to employ a 3-class segmentation and |
taking into account the loca lighting
variability in the underwater image.

(b) From one dlice to another, the color
encoding the class that represents the |
dliding metal bar is different. This is the |
direct consequence of the independent |
segmentation of each of the 10 horizontal
dlices by fuzzy c-means and also of the
local variahility of the lighting as well asits
piecewise greenish nuance, that renders the
proper separation of the pixels belonging to a) b)
the green dliding metal bar even more
difficult.

In order to obtain a complete segmentation of the ROI pixels into sliding metal bar (object of
interest in our application) as opposed to other parts of the image, we must then employ a second
processing stage on the fuzzy c-means segmented image, to merge the regions belonging to the bar.
This is again performed at dice level since we will use a dice-level diagnosis of the bar, and is
described in the following.

Figure®6. (a) the
region of interest for
an underwater color
image with a dliding
bar; (b) the result of
color fuzzy c-means
segmentation in the

(R,G,B) space
applied on each
horizontal slice

e The fuzzy if-then rule based segmentation of the fuzzy c-means segmented color ROI in
bar vs. non-bar

In order to obtain a complete segmentation of the ROI dices into only two categories: dliding
metal bar or other objects (i.e. shield, obstacles) we chose to consider again (asin the ROI localization
case) simple discriminative features based on the value of the green component of the pixels. This
time the sub-image to be processed contains much simpler information than the original, since each
dlice has only three possible pixel colors.

Two discriminative features have been selected to decide whether to assign a color (therefore

apixel) to the class “diding metal bar” or “not diding metal bar”:

(a) the relative value of the green component of the color in the fuzzy c-means segmented
slice, reported to the maximum value of the green component among the pixels in the
current slice;

(b) the absolute value of the G-R color difference of the color in the fuzzy c-means
segmented dlice.

Denoting the current dlice in the ROI by k , k=1,2,...,10, and indicating one of the colors in the
dice by the index i, i=1,2,3, we denote and define the two above mentioned discriminative features
considered for the 2-class compl ete segmentation of each slice by GRelix and GDifRy, where:

3
max Gik — Gik
G Relik = I—13—
max Gik
i=1

, Vk=12,..10,i =123 @y



GDifRjx = Gjkx —Rik, vk=12,..10,i =123 2

To use these features for the class assignment of each fuzzy c-means segmented dlice pixels, we
must find the rules describing the values of (GReli, , GDifRy) for each class. To do that we build a set
of 10 training underwater images with different statistics, al containing the sliding metal bar. In every
training image we apply the ROI selection step, the decomposition of ROI in 10 dlices and the color
fuzzy c-means segmentation of each dlice. This will lead to a set of 10 images x 10 slices = 100
training sub-images in which we compute the discriminative features GReli, , GDifRi« given by
equations (1) and (2). A human observer is asked to classify on each of the 100 fuzzy c-means
segmented slices each of the three colors resulting after segmentation into “dliding metal bar”, “not
sliding metal bar” or “can’t decide”, based on the visual examination of the fuzzy c-means segmented
slices.

Examining the human observer decision on the set of 100 slices, we notice several cases when the
answer is “can’t decide”. This situations mostly occur in the regions where the visibility in the
underwater image is poor. An example is given in Table 1, where a portion of the human decision is
given, for theimagein Figure 6(b).

Table 1.The human decision on the correct classification of slice colorsin the fuzzy c-means
segmented dlice (illustration): “x”= dliding bar; “-” = not dliding bar; “x-” = can’t decide

GMaxG1 |GMax-G2 |GMax-GB |G1-H1 iG2-H2 |Ga-H3 |[M]£[-]£[x-] |[x]r[-]r[x-] |[>:]£[-]f[x-] |GMax | |
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0 3 B8 2 20 § " " : 124
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The observation that even the human expert is unable to visualy classify in a crisp manner the
three colors resulting after the fuzzy c-means segmentation of each dice into “sliding bar” or “not
dliding bar” leads to the conclusion that a fuzzy classification is more suitable than a crisp one for the
final segmentation of the dices in the ROI. Therefore, based on the discriminative features given by
the equations (1) and (2), we aim to derive a number of fuzzy sets and fuzzy if-then rules for the
2-class classification problem. To do that, we plot the pre-computed features GReljx and GDIifRy ,
i=1,2,3 and k=1,2,...,10 for al the 10 images considered for training, for which the labeling is
available from the human expert. Each point described by (GRel, GDifR) (100 points available) is
represented by adifferent symbol, according to itslabel, as shown in Figure 7.

Color classification map
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Figure 7. The graphical display in the GRel (x-axis) and GDifR (y-axis) of the resulting
colours after the fuzzy c-means segmentation of the 10 training images, with their assigned
labels as: dliding bar, not sliding bar and undecided, provided by a human expert.
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Based on the resulting plot on which the data separability can be examined, we define the
minimal number of fuzzy patches to extract the fuzzy sets parameters used in the if-then rule
classification (thisis a common strategy for deriving fuzzy sets from numerical data). For the sake of
simplicity, we chose to employ trapezoidal fuzzy setsto represent both GRel and GDifR. The minimal
number of fuzzy sets needed for each component is 2. The resulting fuzzy sets are denoted by
GRelSmall, GRelLarge, GDifRSmall and GDifRLarge. Their membership functions, derived
manually by the aforementioned technique, are plotted in Figure 8.
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Figure 8. The membership functions of the fuzzy sets GRel Small,
GRelLarge, GDifRSmall, GDifRLarge used by the fuzzy if-then rules for the
2-class classification into “dliding bar ” and “not sliding bar ”

Four fuzzy if-then rules can be defined with these four fuzzy sets. However only one fuzzy ruleis
of interest for further processing, namely the one having in the consequent the decision “the current
color in the fuzzy c-means segmented slice belongs to the dliding bar”. This decision is taken only
when the linguistic value of GRel is GRelSmall and the linguistic value of GDifR is GDifRLarge. The
corresponding fuzzy rule for the color i in the dlice k, denoted as Color;, , 1i=1,2,3 and k=1,2,...,10, is
formulated as follows:

R: If GRelik is GRelSmall and GDifRy is GDifRLarge then Colori is Sliding Bar.

The fuzzy segmentation result of every dlice k, k=1,2,...,10, according to this rule, will be
presented as a gray level image, where the luminance component is proportional to the membership
degree of Color;, to the class “dliding bar”, resulting after the evaluation of rule R:

Yoclass_segm,k = (int)(255- min(G RelSmall(G Rel), GDifRL argg(GDifR))) , k =1,2.....,10 (3)

(The min operator has been used to implement
the “and” connective in the antecedent of the
fuzzy rule R). The fuzzy segmentation result is
presented in Figure 9(b) for the fuzzy c-means =
segmented image from Figure 9(a). i

Although we could determine now a crisp

Figure 9. The fuzzy
2-class segmentation
result of aROI:
(a) the ROI after

fuzzy c-means

segmentation by thresholding the membership segmentation in
degrees (luminance values), we consider that | the (R,G,B) color
keeping a fuzzy segmentation result can be | space;
more advantageous for the diagnosis, even for (b) the resulting 2-
the quantitative image  measurements class fuzzy
performed in the next step and for the fuzzy segmented image
expert system decision. We argument our after applying the
choice through the uncertainty in the human fuzzy rule based
expert decision when prompted to crisply system

select one of the two classes for the regions in
the slices of the ROI.



3.3. Quantitative measurementson the object of interest

The aim of this fina stage in the image analysis component is to provide the expert system a
numerical descriptor about the diding metal bar in each dice of the ROI. The numerical descriptor
will allow the expert system to judge about the status of the bar in the dice, as. good; partialy
occluded by obstacles (algae, tree branches); totally occluded, etc. A good descriptor to allow the
discrimination in such categories is the area of the diding bar. Having available a 2-class fuzzy
segmented image of the dliding bar in each slice of the ROI, we can compute the fuzzy area of the
diding bar in each dice, as the sum of the luminances (that are proportiona to the membership
degrees of the pixelsto the class Sliding bar) of all pixelsin the slice:

Wk -1Hk -1
SidingBarAreay = 2 2 Yadas_segnllLl] @
i= j=

where: (i,j) = the pixel in the relative position (i,j) in the slice k of the ROI; W\ xHy = the size of
dicek inthe ROI.

An even better numerical descriptor to be passed to the expert system isthe relative area of the
dliding bar in each dlice, referenced to the maximal sliding bar area among all the slicesin the ROI:
SlidingBarAreay <100 (5)

10
max SlidingBarAreay
k=1

RelSlidingBarAreay, =

4. Thefuzzy expert system for upstream dam wall diagnosis

This is the second and last component of the visual-based diagnosis system presented here. A
fuzzy logic system was considered more suitable as expert system rather than a crisp solution,
considering again the impossibility of a crisp decision about the status of the dliding bar due mainly to
the poor quality of the underwater images.

On every evaluation, the fuzzy expert system receives as input the relative area of the sliding bar
in adice of the ROI, RelSlidingBarArea, , k=1,2,...,10, as given by equation (5). This crisp input is
first fuzzified, then processed through the fuzzy inference engine, based on a set of fuzzy if-then rules
and fuzzy sets (the knowledge base of the fuzzy expert system). The processing result is a linguistic
message (linguistic diagnostic) describing the status of the diding bar in the currently processed dlice
k, k=1,2,...,10 of the ROI. The most plausible linguistic diagnostic is displayed to the user, without the
degree of confidence unless the user asks this information.

4.1. Thefuzzy expert system design: fuzzy sets, fuzzy rulesand linguistic output values
The following human expert knowledge principles were considered in designing the fuzzy expert
system for the diagnosis of the status of the sliding metal bar:

(a) the maximal area of the diding bar, n%gx SlidingBarAreay, » between all dlices, in a ROl of an
k=1
underwater image corresponds to the integrity of the bar (i.e. in every ROI, there is at least one dice
where the bar is visible); thus, the larger the relative area of the bar per dice, RelSlidingBarArea,
k=1,2,...,10, the better the status of the bar in that dlice.

(b) if inadicek, RelSlidingBarArea is close to zero, then in dice k, the bar is either completely
occluded by obstacles (tree branches, algag), or the local visibility in the underwater image is too poor
to alow the automatic diagnosis.

Any intermediate situations between (a) and (b) correspond to a more or less
deterioration/occlusion of the sliding bar.

The above human expert knowledge was gathered as a result of examination of severa
underwater images of the sliding metal bar. According to these principles, we consider the following
linguistic messages provided as diagnostic results by our fuzzy expert system:



Message 1) The status of the bar is good

Message 2) The status of the bar is slightly deteriorated / the bar is slightly occluded by obstacles

Message 3) The status of the bar is highly deteriorated / the bar is highly occluded by obstacles

Message 4) The bar is completely occluded by obstacles or the visibility istoo poor for analysis.

The four linguistic messages are the consequences of the four fuzzy if-then rulesin the knowledge
base of the fuzzy expert system:

R1: If RelSlidingBarArea is VerySmall then (The dliding bar statusin dlice k) is Message 4.
R2: If RelSlidingBarArea, is Small then (The diding bar statusin slice k) is Message 3.

R3: If RelSlidingBarArea, is Medium then (The diding bar statusin dlice k) is Message 2.
R4: If RelSlidingBarAresa, is Large then (The dliding bar statusin slice k) is Message 1.

The four fuzzy sets that describe by linguistic values the diding bar areain each slice: VerySmall,
Small, Medium and Large, where again derived making use of the human expert knowledge on the
same set of 10 training images used for deriving the fuzzy sets employed in Subsection 3.3. For
simplicity, we chose to employ trapezoidal-shaped fuzzy sets. The corresponding membership
functions of the four fuzzy sets are represented in Figure 10.
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Figure 10. The member ship functions for the 4 fuzzy sets in the knowl edge base of
the fuzzy expert system for the diagnosis of the dliding bar

5. Experimental results

We implemented software the proposed vision-based fuzzy expert system for the diagnosis of the
upstream dam walls, based on underwater color image analysis, in C++, as a Windows stand-alone
application. The interface allows loading an image to be analyzed, in which it selects automatically
the ROI and defines the 10 horizontal dlices of the ROI of equal width. The diagnosis is performed
when the user presses the corresponding button. As a result, the system generates for each individual
dlice a linguistic message describing the status of the bar in that region. The fuzzy segmented ROI
into sliding metal bar and other scene content (not sliding metal bar) is displayed in the main window
of the application, to the right of the message box, to explain the user the decision taken by the fuzzy
expert system. The interface and the processing result of our application for an underwater image are
presented in Figure 11.

To evaluate the performance of the proposed system, we considered a set of 6 underwater images
containing each of them a portion of the diding bar. These images were obtained as manually selected
frames from a video-sequence acquired with an URV in the upstream side of the Tarnita dam on the
Somes river [11]. As selection criteriawe considered the following:

- choose images with different degrees of occlusion of the sliding metal bar with tree branches;

- choose images where the screws are rusted and/or algae are present on the screws,

- choose images where parts of the dliding metal bars are not visible due to the poor

illumination in the water
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Also the 6 images selected as test set differ noticeably in the average illumination (lighter and
darker) and also in the degree of blurring. Although the number of test images is rather small, we
consider the test results significant since;

- every ROI extracted from a test image is divided into 10 slices and the diagnosis is done

individually on each dice; therefore the actual size of the test set is 6x10=60 test sub-images

- the difference in content, illumination, contrast and blurring between the 6 images is

significant (an example can be seen in Figure 2(a) and (b)).

iz Form1 [_[=1x]

Figure 11. The
interface and the
processing result of
our application for a
test underwater image
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Since we evaluate the performance of an expert system that is, by its nature, supposed to give
diagnosis results as close as possible to the ones of a human expert in the field [12], we set up the
following experimental protocol:

(@) We present to a human expert the same ROI examined by the expert system, horizontally
divided into the 10 dlices considered, however not segmented (neither by fuzzy c-means nor by the
fuzzy if-then rule based system).

(b) For each of the 10 horizontal slices, we ask the human expert to give a diagnostic for the
dliding metal bar in that dice. The diagnostic can only be selected as one of the 4 possible linguistic
messages given by the expert system or at most two of them in case the human cannot decide. In the
later case however, we constrain the human expert to choose two messages that have close meanings.

(c) The expert system diagnosis results are compared on each of the 60 test data with the human
expert results. Whenever a mismatch between the diagnosis result given by the human expert and the
diagnosis result given by the expert system occurs, thisis considered an error. The errors are counted
both individually on each of the 6 test images and globally, on the test set of 60 sub-images. We
denote the 6 test images as{ Testimg,, Testimg,, ..., Testimgg} . Theindividua diagnosis error on each
image, the average diagnosis error in the test set and the average correct diagnosis rate in the test set
aregivenin Table 2.

Table 2. Individual and average error rates with the proposed fuzzy expert system

— . : 5
Individual diagnosiserror [%)] Average ,CA(;/rerr;%e

Testimg: | Testimg, | Testimgs | Testimg, | Testimgs | Testimgs g:f‘g:‘ﬁ;]s diagnosis
rate [%]
0 20 10 0 20 0 8.3 91.7

Since according to our knowledge no previous implementations of such a vision-based expert
system for the problem of upstream dam wall diagnosis are reported in literature, we will compare the
performance of our system only with a somehow similar solution reported in the literature [5], in
which the aim is to recognize the underwater cables from seabed images. In that applications, the
authors correct report recognition rates about 90%. This is similar to the performance of the vision-
based expert system presented in our paper.
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6. Conclusions

In this paper we proposed a novel solution towards the automation of underwater hydro-dams
monitoring and diagnosis, based on the visua examination of color underwater images of the
upstream dam walls acquired with the use of an underwater robot vehicle. Whereas the traditional
methods require the human expert to visually examine the underwater images, which is a time-
consuming task even in the cases when some upstream walls image mosaic is available, the solution
presented here reduces to alarger extent the need for a human expert examination. This goal has been
achieved by gathering the human expert knowledge in the field and incorporating it into a fuzzy
expert system.

We derived and employed several image analysis techniques suitable to the specific task of
diding metal bars diagnosis as means for numerical data extraction from the underwater images; these
numerical data are processed by the fuzzy expert system to obtain the linguistic, human-like,
diagnostic results. The performance of the system, evaluated on real test data, proves its good
functionality. However we estimate that by the integration of other type of information extracted from
the underwater image in the image analysis stage (as e.g. edge information) and through a better
learning of the fuzzy sets and rules employed for the we can improve the correct diagnosis rate. This
will make the object of our future work.
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