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Abstract—Robot navigation has several security and defence
applications. The major technical challenges include measuring
the distance between a robot and its surrounding obstacles and
modelling the sensing environment. Existing methods using stereo
cameras, laser sensors, and low-cost MS Kinect cameras have
been suggested for the problems. In this paper, we propose
a fuzzy-based approach for approximating the missing depth
values in RGB-D images collected from a MS Kinect camera. By
investigating different noise models, the missing information, and
the relations between the depth and colour images, the proposed
approach produces an accurate approximation for missing depth
values, which enhances results of subsequent steps in RGB-D
image processing.

I. INTRODUCTION

Modelling three dimensional (3-D) sensing environment
for robot localization and navigation is a technical challenge
in computer vision. This problem consists of several tasks:
capturing images, calculating the depth information between
objects to the receiver, modelling environment. In reality, depth
information may be determined by stereo cameras, time of
flight (ToF) cameras. However, stereo cameras consume a lot
of time for extracting features and mapping them to estimating
distances, so it faces difficulty in the complex environment.
Special ToF cameras, for instance, laser cameras, etc. are more
accurate and less time for picking up depth values but the
price is expensive. MS Kinect cameras are considered to solve
this issue, they are low priced and provide acceptable depth
information for robot navigation problems [8], [9]. Thus, MS
Kinect cameras have been investigated for a lot of systems,
recently. A MS Kinect system contains a colour camera (RGB-
Camera) and a depth camera (an infrared projector and a
receiver), and it proves a colour image (RGB-image) and a
depth image (depth map - D), concurrently. Consequently, they
are named as RGB-D images. In depth images, the values have
ranged from 0 to 4000 according to the distance from 0 to
4000 millimetres from obstacles to the MS Kinect camera. In
fact that, there are some pixels in depth images those values
are not defined. The images in la and 1b show that a lot of
pixels were black, it does mean that, the information of them
are missing. Thus, approximating missing values is mentioned
in the papers over the world. In [10], [11], [12] show that,
various methods are proposed to denoise for color images. In
relative to depth images, Frank Lenzen et al. [1] using the
adaptive total variation method and edge detection to denoise
missing values. Schoner, H et al. [3] cluster depth values,

978-1-4799-5431-5/14/$31.00 (©2014 IEEE

(a) The colour image

(b) The gray scaled depth image

Fig. 1: The colour image and depth image

then nominate replacing values. Yang Lia et al. [4] propose A
weighted least squares algorithm for denoising. Colour images
are used as advice information for denoise progress, Kevin Lai
et al. [2] mention the combining RGB-D information approach.
The same idea of using RGB information for recovery missing
depth pixels, Benjamin Huhle use the non - local mean filter
denoising method in [5], colour images are used to identify
the similarity.

Considering type of missing values, it can be divided into
3 cases: First of all, the salt and pepper noises that are
appeared in infrared equipment features; Secondly, the angle
of incidence is large, it makes infrared ray cannot be reflected
to the receiver; Finally, the material type, that absorbs infrared
ray and there are no rays can be picked up by the receiver.
Based on that investigation, we proposed logics for each type
of absent information. However, we cannot point out the type
of missing values, so that fuzzy logic are involved to model
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the uncertainty.

II. PRELIMINARIES
A. Fuzzy Sets

Fuzzy set was proposed by Zadeh, in [7], to cope with the
uncertainty in data. A fuzzy set A in space X can be defined

' A= {(z, pa(s))]z € X} )

Membership function 4 (x) shows grade of membership = in
X to subset A, the values of p4(x) in the interval [0, 1]. Thus,
the nearer the value of p4(x) to unity, the higher the grade
of membership of  in A. In case, pa(x) is only in {0, 1}, it
becomes a crisp set. In [7], Zadeh mentioned all operators on
fuzzy sets, for example, union, intersection, ...

B. Fuzy logic

Fuzzy logic systems are inference systems, that process
linguistic values based on the expert knowledge. Figure 3,
shows elements in a fuzzy logic system. Crisp values are
fuzzified to fuzzy sets. They are input for inference phrase,
there expert knowledges are presented by rules. Then, the fuzzy
sets that are output from rules are defuzzified in defuzzier, and
a crisp value is produced.

III. APPROXIMATING MISSING VALUES BY USING FUZZY
LOGIC

A. Salt and pepper noise

As the previous mention, this type of noise causes some
group of small missing values. Most of the black values in
those groups are on a surface of an object, so that its values
can be approximated by their neighbour pixels. In this case,
the median filter is the most suitable approach. However, in the
area that the number of none black pixels is smaller than the
number of black pixels, median filer will nominate the black
value. It does mean that, some information will be lost in the

(a) Plates in colour

9

(c) The bowl in colour

(b) Plates in depth

(d) The bowl in depth

_—

(e) The stapler in(f) The stapler in
colour depth

(g) The bottle(h) The bottle
in colour in depth

Fig. 4: Types of noise

median filter. To avoid the bad case, the black value that is
returned from the median filter mask will be skipped.

B. The angle which the incident ray makes with the normal is
large

Because the angle which the incident ray makes with the
normal is large, so that the receiver cannot pick up the reflect
ray, and black values will be set to those pixels. In this
scenario, black pixels are on the curve surface of boundary
of objects, and the number of black pixels in a group is large.
The missing values tend to the same group with the shorter
distance groups. Assume that, the colour in one object is not
changed dramatically, the values of missing pixels are the same
group with area have the same colour with them. The 4a, 4b,
4c and 4d in pair show this type of noise.
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Fig. 5: 8 extended neighbourhoods

C. The absorbed material

Infrared rays are the same features with light rays, some
material does not reflect the incident rays, so the receiver
can not calculate the depth information. In the environment,
there are objects which contain that type of material, some
group of pixels will be set in the depth image. Assume that,
pieces of absorbed material are parts of objects, so that we can
approximate the missing values by neighbourhood values. The
4e, 4f, 4g and 4h in pair show this type of noise.

D. Solution

Considering neighbourhoods of a pixel, for example, at
point (z,y) the neighbourhoods are 8 pixels, (x + i,y + j)
where 4,5 € {—1,1}. In a worst case, some points of
(x + 4,y + j) are the black too, so that we must extend the
neighbourhoods to 8 directions. In the figure 6, (B) are black
pixels, and (i), ¢ € {1, ...,8} are non black pixels. Ng is group
of 8 extended neighbourhoods of pixel (x,y) defined above.
It is easy to conclude that, the missing depths are relative
with some their neighbour depths. However, It is difficult to
identify neighbours that the missing pixels are relative to and
how much the relative is. Based on the previous investigating
in this section, these pixels are identified based on the type of
missing information. In the III-A, the related neighbours are all
of Ng pixels. However, the investigating in III-B shows that,
they are only some of Ng pixels. Assuming that, the edges
of objects are the curves that are approximate to the straight.
Thus, number of the pixels, that are related to missing the pixel,
is 4. The III-C shows that, int this case, there is not enough
information to infer. Besides, It is not easy to identify grade of
relation of missing value with its neighbours. To capture the
uncertainty in information and use the previous investigating,
we decided to use fuzzy logic for solving this issue.
Assuming that, A;, i € {1,...,8} are fuzzy set, that present
for 8 neighbourhoods of a missing pixel. The influence of a
neighbour i on pixel (z,y) - B, is considered as the mem-
bership function p;(x,y). Based on grade function w;(x,y)
and depth values at A; we can approximate the depth value at
(2, y). There are some some factor that influences on y;(z, y):

e The distance of coordinates from (z,y) to (xa,,y4,)

e The similarity of colour at pixel (x,y) and pixel
(x4,,y4,) in image colour

e  The trend of increase in depth value from A; to the
missing pixel

e  The similarity of colour at pixel (x, y) in image colour
to the black

The logic to compute the value p;(x,y) may be changed
depending on the values of these factors, so we defined rules
for that logic. The parameters are defined as:

e g, (x,y): membership function presents the distance
of coordinates from (z,y) to (z4,,ya4,)

e ., (x,y): membership function presents the similarity
of colour at pixel (z,y) and pixel (z4,,y4,) in image
colour

e  lige,(z,y): membership function presents the trend of
increase in depth value

e /i (z,y): membership function presents the similarity
of colour at pixel (z,y) in image colour to the black

1) pa,(z,y): Because that, when pixel (x,y) is far from
(xa;,y4,), the influence of A; on pixel (x,y) is reduced.
Consequently, 14, (x,y) is defined as:

1
d(Ai,B(z,y))

(@)

Hd; (‘T7y) = L
D k=18 d(Ak,B(z,y))

where d(A;, B(,,)) is distance from pixel (z,y) to pixel
(xa,,y4,), in the most simple case it is the Euclid distance.

2) pe, (z,y): In colour images, the RGB values change
based on the light source and some other factors, so that
direct comparison of colour at pixel (z,y) to colour at pixel
(za,,y4,) is not a good solution. To remove the effects of
noise and show the trend of colours in pixels, we use linear
regression line to estimate the nominate value, then compare
to value at (z,y) to calculate the colour distance. dg;(x,y),
dgi(z,y) and dp;(x,y) are approximated line in direction %
for red -R, green - G, and blue - B, respectively. Ag;(x,y),
Agi(x,y) and Apg;(z,y) are distances from element R, G, B
from point (z,y) to dr;(x,y), dgi(x,y) and dp;(z,y).

Ai(z,y) = V/Agri(z,y)2 + Aci(z,9)? + Api(z,y)2 3)
The pc, (x,y) is defined as:

Ai(z,y)

el(ryy)=1— 029 4
a 1(‘% y) Zkzl)g Ak(a:,y) @

3) tde; (x,y): a;(x,y) is the tilt of direction from A; to
point (x,y), and o*(x,y) is the || ‘miln8 a;|| The fige, (x,y) is
i=1,

defined as:

ai(x,y) + a*(m,y)
(a;(z,y) + a*(,y))

fde, (2, y) = T &)

7=1,8



4) pm (2, y): Assuming that, R, G, B are values of elements
Red, Green, Blue in pixel (x,y) in the color image. The
tm (x,y) is defined as:

(RQ + G2 + BQ)
V3 x 255

P (2, y) =1 — (6)

E. Verdict

In the case mentioned in the III-C, it does mean that, the
tm(x,t) reaches 1 and the missing value is calculated based
on Ng, the 4f and 4h are examples. In contrast, the angle which
the incident ray makes with the normal is large, the missing
depth information is influenced from 4 neighbours. In figure
4b and 4d, most black pixels belong in the plates or the bowl,
so that the values of missing pixels are affected by neighbours
in the plates or the bowl. They are independent of the desk
surface.

To nominate the missing value based on the neighbour A;, we
build the approximate line from A; and predict the value at
B(z,y), notation as Py, (z,y).

1) Algorithm: approximating missing depth pixels based
on RGB-D images
where fq, fe, far are constants to express the factor of each

Algorithm 1 Approximating missing depth pixels based on
RGB-D images
Input: 7, I. depth and colour images
Qutput:/; which are approximated missing depth information
Step 1: Run the median filter
Step 2: Foreach (z,y) in I4(z,y) == 0
e  Calculate puq4,(x,y) by formula 2
e Calculate p,, (z,y) by formula 4
e  Calculate yi4e,; (z,y) by formula 5
e Calculate pu,,(z,y) by formula 6
Step 3: Foreach (z,y) in Iy(z,y) == 0
e if I.(x,y) is black then
Id(mv y) = Zi:l,S pa; (@, y) x Pa,(z, y)
e clse
o Caleulate u;(x,y) = faxpa, (x,y)+
fc X Ncl(;my) + fde X :udei(x,y)
Identify %, >y _o 5 H(im+k) %841

o Update TIi(x,y) =
(i%+3)%8+1

/l’k(:ray) X PAk(fE,y) X

k=1ix
1
(ix+3)%8+1
pn(z,y)
h=i*

Step 4: return I, .

element.

The algorithm 1 only loop on image pixels, so it stops in N
steps (N number of pixels - 480 x 640). In step 1, step 2
and step 3, each sub step does not loop over 8 times for 8
directions. Thus the complexity of the algorithm is O(N).

IV. EXPERIMENTAL RESULTS

It is difficult to conduct the efficient experiment to show the
statistics on the approximated values, because we do not have

(b) Depth image

(c) Object masks (d) Manual depth assigned image

(e) Result based on [2]

(f) Result of our method

Fig. 6: Experimental images

Statistics Value

Number of calculated pixels 3987
Average 13.8

Standard deviation 69.3
Min -345

Max 325

Less than 69 3169

TABLE I: Statistics on deviation of approximated values to
manually assigned values

the target values for missing pixels. Thus, we build the mask
for objects in an image and try to assign missing pixels with
the most suitable neighbour. The table I shows the deviation of
approximated values to manually assigned values. The average
is 13.8, it does mean that, approximated values are balanced.
Min and Max values are large, but it can be understood,
because the some pixels are assigned to mistake surfaces.
Standard deviation is 69.3, it is acceptable for indoor robot
navigation. Number of pixels, that the differences are less than
69, is 3169, it contains about 80% percentage of considered
points. It can be thought that, 80% pixels are assigned to the
correct surfaces.

Beside that, the algorithm 1 was tested on RGB-D database
mentioned in the paper [2], and it shows some good point in
comparison with the method proposed in the paper. Intuitively,



(a) Color image (b) Depth image

(c) Method in [2]

(d) Our proposed method

Fig. 7: Experimental results on the RGB-D database mentioned
in paper [2]

the figure 7 shows that, our proposed method is better than
the method mentioned in [2] in case the black points near
the boundary of objects, for example, the bottle, cup, etc.
To consider on the boundary, our method is worse, and
the approximated values in a missing area can be changed
dramatically.

V. CONCLUSION

In this paper, the authors investigated the features of
missing values in depth images, that are captured by MS Kinect

cameras, and proposed a method to approximate missing depth
values based on the fuzzy logic approach. The proposed
algorithm 1 shows that, the result is acceptable for the next
phases in processing RGB-D images. Although, the complexity
of algorithm 1 is O(N), it must be improved to meet real time
processing requirements.
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