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Abstracts

The important characteristic that could assist in autonomous navigation is the ability of a mobile robot to
concurrently construct a map for an unknown environment and localize itself within the same
environment. This computational problem is known as Simultaneous Localization and Mapping (SLAM).
In literature, researchers have studied this approach extensively and have proposed a lot of improvement
towards it. More so, we are experiencing a steady transition of this technology to industries. However,
there are still setbacks limiting the full acceptance of this technology even though the research had been
conducted over the last 30 years. Thus, to determine the problems facing SLAM, this paper conducted a
review on various foundation and recent SLAM algorithms. Challenges and open issues alongside the
research direction for this area were discussed. However, towards addressing the problem discussed, a
novel SLAM technique will be proposed.

Keyword: Autonomous robot, illumination variance, kidnap robot, dynamic environment, navigation,
simultaneous localization and mapping

1 INTRODUCTION

Simultaneous Localization and mapping (SLAM) is an important problem that has been broadly
researched in robotics. Its contribution towards autonomous robot navigation has attracted researchers
towards focusing on this area (Fuentes-Pacheco et al., 2015, Zunino and Christensen, 2001). In the past,
various techniques for addressing simultaneous localization and mapping has been proposed with
remarkable achievements. Research had been conducted based on several types of sensors because of
their advantage to one another; also sensor selection can be as a result of the type of technique they are
proposing to solve the SLAM problem (Steckel and Peremans, 2013). In (Eliazar and Parr, 2003), they
proposed to address the SLAM problem in an environment without pre-determined landmarks using laser
sensors. The Particle filter algorithm was deployed on their system and had produced a highly detailed
map for an office environment. Laser sensors apart from being expensive could produce a wrong
measurement when encountering shiny or black objects that do not reflect light and this could affect robot
localization in an environment (Agunbiade et al., 2014). In (Zunino and Christensen, 2001) they proposed
the use of the EKF filter algorithm to process the information obtained by the sonar sensors attached to
the robot. The sonar sensor was proposed because of its low cost and low computational complexity for
retrieving information from the environment. In the work of (Steckel and Peremans, 2013), they condemn
the use of sonar sensors because of its inability to provide fine-grained information from sound. Instead,
they proposed bio-sonar. This was employed due to high intelligent interaction capability towards a
complex environment and its ability to extract more information from the echoes than
sonar. BatSLAM algorithm was proposed to analyse the information acquired by the bio-sonar, but from
their experiment, the system limitation occurs if it encounters a larger complex environment because
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echoes arriving from different directions are delayed. Trying to analyse them produced an invalid cue
which makes the system fail to navigate correctly (Hiryu et al., 2010). In the work of (Irie et al., 2012),
they proposed a vision-based SLAM, because the camera was able to acquire more information from the
environment than other sensors which could improve robot navigation (Zehang et al., 2006). Thus, being
aware of the issues of environmental noise with vision-based system, they tend to address the issue of
shadow. They proposed the use of two-dimensional occupancy grid maps produced from 3-D point clouds
obtained by a stereo camera, they also introduced an extracted salient line segments from the ground into
the grid map. On the grid map, robot pose estimation was attained by employing particle filters. In this
technique, the grid maps were not affected by shadow and lighting conditions, but under severe
illumination condition, it is impossible to extract the salient line segment which resulted to a failed SLAM
technique. However, the issue of illumination variance support while some researchers still prefer the use
of active sensors to acquire data from the environment (Thamrin et al., 2012). Furthermore, for reliable
and accurate measurement of the environment, the work of (Castellanos et al., 2001) propose the use of
multiple sensors to attain an impressive result so that one sensor can take advantage over the weakness of
another. But the major limitation is high computational complexity when combining too much data from
multiple sensors. Hence, irrespective of the sensor employed, they all have their limitations. However,
sensors are not the only contributor to SLAM failure, algorithm employed to address the SLAM problem
also have their limitations and they will be discussed in the next section. In this paper, Section 2 and 3
discuss the foundation and recent SLAM algorithm while section 4 discusses the challenges, open issues
and research direction.

2 FOUNDATIONAL SIMULTANEOUS LOCALIZATION AND MAPPING
ALGORITHMS

In an attempt to develop an efficient and effective technique that can address SLAM problem, sensors
play an important role of acquiring data from the environment (Zehang et al., 2006) but localization and
mapping techniques are not limited to this operation. There are several procedure that still need to be
implemented, for instance, the analysis of the data captured assist in mapping building and localization,
this can be attained by using SLAM algorithm (Chen, 2013). In the literature, several foundation SLAM
algorithms has been proposed with outstanding result but they are all confronted with various challenges
and issues (Hadji et al., 2014). In this section, some of these algorithms will be discussed together with
their limitation and advantages.

2.1 Extended Kalman Filter

In the review involving Extended Kalman Filter (EKF), it is important to mention the Kalman filter
because it is the foundation for EKF and some algorithms like Extended Information Filter (EIF), non-
linear least-square etc. (Hadji et al., 2014). Researchers over the years have employed Kalman filter as an
algorithm to estimate dynamic linear systems with Gaussian noise (Chen, 2013). Kalman filter represent a

state vector (,u, ) given in equation (1).

TR (T A A 1) (1)
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It is formulated by estimating the landmark (/) where N represents numbers of map landmark, the current
pose (S,), as well as a covariance matrix (Z ,) which signifies the covariance between the state

variance also a measure of confidence. However, the issue of non-linearity in the robot model is the
limitation of the Kalman filter algorithm and trying to address this issue led to Extended Kalman filter
(Hadji et al., 2014).

Extended Kalman Filter (EKF) is an upgraded version of a Kalman filter that can address non-linear
model (Chen, 2013). The linearization of non-linear model can be solved by many methods but in EKF, a
technique called first order Taylor expansion is employed to address this issue. At each time (t), it
linearize the measurement and motion model using the current state to estimate for a new update (Chen,
2013). The filter procedure is attained with two steps given in section 2.1.1 and 2.1.2.

2.1.1 The Time Update stage
At this stage, the filter computes the covariance matrix z ., and the predicated state i, at time (t).
Expressions is given in equations (2) and (3).

AN

:ut = f(:ut—l ’ut) (2)
3. - A4, A +GA, G (3)

where A, signifies the Jacobian of the motion model f* as related to the robot pose S, that is

evaluated at p,, u, represent the robot control, A signifies the covariance matrix related to this stage

and G represent a projection matrix.
2.1.2 The measurement update stage

This stage plays a significant role to address the problem of data association (c) and generate the new

updated measurement for 4, and z , using the current state of the previous stage. They are computed by

estimating first, the Kalman gains as given in equations (4)-(6).

-1
Kt ZZICIT(CIZICIT +AZ] (4)

u, = ‘L/t\t-I-Kt(Zt —h[ﬁt,cjj (5)

A

2 =U-KC), (6)

Where [ represent identity matrix, K, represents the Kalman gain, C, represent the Jacobean of

A
the measurement model / in relation to every detected land marks estimated at x and the pose of the
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robot, A _signifies the covariance matrix as related to this stage and z, represent the sensor measurement
(Chen, 2013).

The above listed two steps are unique to EKF and can be use to instantiate the online SLAM given a
condition of Gaussian model. The EKF is a popular algorithm because of the ability to overcome the
problem of Kalman filter, but the computational cost of the algorithm is high (Dissanayake et al., 2011).

2.2 Sparse Extended Information Filter

Considering the limitation of high computational cost of EKF, this shifted researchers attention to a more
advance filter known as Extended Information Filter (EIF). In EIF high computational cost was reduced
by avoiding the computation of the Gaussian posterior in terms of the mean £ and the covariance matrix

z instead, the filter employs the information form of the posterior, which uses the information matrix
H and information vector b (Chen, 2013). The parameterization is given below in equation (7) and (8)
H=3" ()
b=pu"H (8)
The EIF operational function is related to EKF, but the time update and measurement update stage are
parallel to that of EKF, the equation 5 and 6 of the Extended Kalman Filter are transformed in EIF using

the generated parametric value of information vector and information matrix (Chen, 2013). The
parametric substitution for these stages are given in equations (9) - (12).

2.2.1 The Time Update stage

Hi=[(I+4)H \(I+4) +SA,S"]" (9)

b=(b,_1H,__11 + f(y,u) YH: (10)

where [ represent identity matrix, A4, signifies the Jacobean of the motion model f estimated at
U, , the projected matrix is signified as S . At this stage, the updated time estimated is managed to its best

because of the mean (,u t) recovery and the inversion of a dense /7, . However, constant time updates can

be attained if /1, has a sparse characteristic and 4, is available for all landmarks and robot poses, this is

attained at the next stage (Chen, 2013).

2.2.2 The measurement updated stage
H,=H,+C, A, C] (11)

b, =b+|z,—z,+Clu, | A]'CS (12)

z t
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A
where z, —z, represent the difference between updated and current sensor measurement, C,

signifies the Jacobean of the measurement model estimated at 1, . At this stage, it requires only constant

time summation taking into consideration that C is sparse with non-zero values for the observe
landmarks and pose in the measurement (Chen, 2013). Given this condition for every step of a matrix,

non-zero values will only be associated to //, . EIF is regarded as an approximation approach with an

improved processing speed better than EKF because of low computational complexity. However, as a
result of approximation, the issue of inconsistency has not been resolved (Dissanayake et al., 2011).

2.3 Rao-Blackwellized Particle Filter

In the work of Murphy, Rao-Blackwellized particle filter is implemented to estimate the joint posterior

(p(Slzt,m|Z1:,,U1:,_1 )) of a map (m) and the robot trajectory(S]:t =8 ,St). The estimation is
carried out given the odometry measurement (U o =U e U t_]) and the observation measurement
(Z bt =L e 2, ) of the robot. Using the information provided above, the Rao-Blackweilized particle

filter used the factorization given in equation (13) to represent SLAM (Wurm et al., 2003).

p(Slzt ) m|let U ) = p(m|S1:t L )’p(Slzt |le: Ui ) (13)

In the factorization procedure, the trajectory of the robot is first estimated, then the map given that same
trajectory computed. This is mandatory because the map creation rely on the estimated robot pose [22].
The Rao-Blackwelized particle filter offers efficient computational cost with improved processing speed.
Its representation in equation (13) can be formulated efficiently to address SLAM since the posterior of

the map p(m|S1:t , Zu) will be estimated by employing the technique of mapping with known poses given

that S and Z,, are known (Wurm et al., 2003). In computing the posterior p( 1;;|Z Ul:t—l) for

Lt
potential trajectories, particle filter may be employed. Since every particle corresponds to a potential
robot trajectory and individual maps are connected with each sample. Therefore, maps will be created
using the observation and corresponding particle relating to the trajectory. This procedure allows the
robot to learn models of their environment and estimate successfully their trajectory (Wurm et al., 2003).
Thus, the particle filters effectiveness and complexity rely heavily on the number of particles. The
increase in the number of particles might improve its effectiveness, but at a price of high computational
cost. Otherwise, the effectiveness can be minimized with low computational cost. However, estimating an
optimal number of particle required is often difficult to attain (Montemerlo and Thrun, 2003).

In the literature, the above mentioned foundation SLAM algorithms are very common [9] but not limited
to these three algorithms, others such as, Unscented Kalman filter (UKF) and Compressed Extended
Kalman Filter (CEKF) exist (Hadji et al., 2014). The algorithms discussed above are the basis of
operation for other algorithms (Chen, 2013). Irrespective of the algorithm proposed, they all have their
advantages and limitations, and these shows that more research still need to be done in this area.
However, researchers do not only rely on these algorithms but they tend to introduce more components
that can improve SLAM performance, some of their methods will be presented in the next section.
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3 RECENT PROPOSED SLAM ALGORITHMS

The simultaneous localization and mapping is an important problem to consider as far as autonomous
guidance is concerned (Fuentes-Pacheco et al., 2015). Thus, successful navigation of a robot given in an
unknown environment require continuous updating of map while simultaneously estimating its position in
its environment. In literature, researchers have presented recent technique to overcome the challenges of
the foundational SLAM algorithm (Khairuddin et al., 2015). This section will discuss some of these
techniques, their challenges and issue they encountered during their implementation. Furthermore, this
section will disclose recent issue because reviews are only conducted on recent techniques only.

In the work of (Agha-mohammadi et al., 2015), they propose to replan at every time (k) when

there is a probability distribution update on the state of the autonomous robot, this technique is referred to
as: Simultaneous localization and Planning. The algorithm employed to carry out this task is known as
Partially Observable Markov Decision Process (POMDP). This algorithm was proposed because of its
ability to cope with uncertainties and changes. The idea employed in motion planning under uncertainty is

to identify a policy (ﬂ'k) at each time (k) that generate control state (U k) using the available
information of the robot. Thus, there are other important terms that needs to be defined to achieve this

goals. Given a robot in an unknown environment whose state is represented by x, at time step (k), the

motion noise and control state at time (k) is represented by W, and U, respectively. The state evolution

model can now be formulated using equation (14)

Xrt1 :f(xx’Uk’Wk) (14)

However, in any partial observable system, the sensor vector measurement at very time k represented as
Z, plays an important role of providing observation measurement. The expression for Z, is given in

equation (15).
Zy :h(xk’Vk) (15)
where V, denotes sensing noise.

On this note, the data available for deriving decision at each time k is the history of controls and
observation as expressed in equation (16), the conditional probability distribution for the overall possible
robot state is given in equation (17)

H, =(Zox.Up )= (20, Zy oo Z, s Uy U,) (16)

b, = plx,|H,) (17)
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The b, generated in equation (17) is also referred to as information state or belief that compressed the

data H, and can be recursively computed using the last state and current observation as expressed in

equation (18)
b, = aP(Zk+1 |xk+1 )J.X P(xk+1 |xk U, )bk dx; (18)

where o represent the normalization constant and the U, can be generated based on the

information state using a policy 7, as expressed in equation (19)
U, :ﬂk(bk) (19)

the 7, represent the solution of a POMDP over a continuous observation space with a limitation that is

intractable. In addressing this issue, Feedback based Information Road Map (FIRM) was proposed to
minimize the intractable problem to a tractable POMDP by generating a representative graph in the
information state space.

Given a FIRM graph with controller, policy 7€ can be extracted by mapping graph nodes (v) to the edge

(m) as expressed in equation (20)
néivom (20)

Thus, the set of all graph planar (l_[g ) generated in an information state space allows POMDP to be
tractable on the FIRM graph as expressed in equation (21)

i :argminEng(Bn,ﬂg(Bn)) (21)
IT

g n=o
where visited n™ node is represented by B, ., C*® (Bn,ﬂ'g(Bn )) signifies the cost function.

Experimental performance attained is impressive, but the limitation is inability to cope with dynamic
environment. In their future work, they want to propose a frame work that can learn and model changes
using prior knowledge of object motion.

The technique proposed in the study of (Tian and Ma, 2016) to address the problem of SLAM is
known as double guarantee kidnapping detection (DGKD). Comparing the DGKD with other SLAM
technique, 2 new processes were introduced to double check and guarantee detection and the type of
detection. In carrying out this task, a threshold for the metric on real-time conditions was determined and
introduced to avoid misjudgment. This increases the reliability and present deformation of information.
Figure 1 represents the DGKD work flow.
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Figure 1: The overall workflow of the DGKD model (Tian and Ma, 2016)

However, DGKD limitations is the inability to cope with relatively large-scale environment and to
increase its adaptability in large scale environment, the probability of features position and robot pose was
combined to DGKD to form a new technique known as Probabilistic double guarantee kidnapping

detection (PDGKD). In PDGKD, giving a robot state (X r) expressed in equation (22) and the state of
feature (X m ) given in equation (23).

T
Xr :(xr’yr’¢r) (22)
where (xr , D, ) signifies position while ¢ denote frame orientation of the robot,
X, =7 x7 ) (23)

while X, signifies the position of the feature (i)in the global coordinate as expressed in equation (24).

: L
cos¢. —sing, X X,
XW{_ ¢ "5} { }{ } 4
sing, —cosg, | | v, | |,
Lxl.,Lyl. denotes the position of feature i referred to the local coordinates frame attached on the

robot.

Hence, the derived state vector combines both features state (X m )and robot state (X . )has expressed in

equation (25) to address the DGKD SLAM problem.

x=(x"x1) @)
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In PDGKD, the operations are not only limited to the above mentioned process, there are other procedures
like prediction and updating operation similar to that of DGKD, but the difference is the metric employed
in their systems. Experimental comparison between the two technique shows that PDGKD achieves better
result than DGKD. However, the limitation of the system arose when kidnap robot happens over a long
period of time.

In the technique of (Tan et al., 2015), simultaneous localization and mapping without linearization was
proposed to overcome the issue of linearization and inconsistency caused by approximation limiting the
effectiveness of EKF-SLAM. This was achieved by combining both linear time varying Kalman filter and
contraction tools on navigation problem with virtual measurements. Given a robot with LTV Kalman
filter SLAM using a virtual measurement in local coordinates, the EKF is the basis of LTVK and it would
start with available non-linear measurement given in equation (26)

0= arctan[x“ ] and/or 7 =[x’ +x, (26)

Xy

where O represent the measure azimuth angle of the robot, ( a,xb) represent location of

landmark and 7 represent range measurement between robot and landmark. Afterwards the estimated
Jacobian is employed to linearize this measurement to a locally stable observer. Expression of the relation
in Cartesian coordinate is given in equation (27).

hx =0 andlor h*x=r (27)

But in 2D and 3D scenarios, expression is given in equations (28) and (29)

h = (cos 9,~sin ) and/or k" =(sin@,cosh) (28)
= _COS ) ) St and/or h = (cos¢sm 0,cos¢cosf,sin ¢) (29)
—singsinf —singcosd  cos¢g

Given a linearize equation in local coordinate, the azimuth model representation for actual location of a
landmark in 2D and 3D is expressed in equation (30) and (31)

X = (x, ' )T = (r sin Q,FCOSQ)T (30)
X = (x, ' )T = (r cos¢sin9,rcos¢cos9,rsin¢)T (31)

where 4/ h" represent state independent measurement vector, ¢ represent the actual location of

a landmark.

In LTVK, measurement and observation between 6 and r are ignored while feedback on tangential and
Cartesian position errors between estimated and true landmark position (x) are taken into consideration.

Therefore, the linear observation given above is substituted by virtual measurement, expression in
Cartesian coordinate is given in equation (32)
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y=Hx+ v(t) (32)

where ) represent observation/measurement vector which contains virtual/actual measurement,

H represent observation model matrix that include state-independent measurement vectors and v(t)

represent zero-mean white noise. If further exploited can be employed to attain a globally stable observer
design with no set back error caused by linearization operation. However, this achievement is at a price of
high computational cost and in their future work, they plan to reduce the computational workload by
using the technique suggested by (Mu, 2013). The technique proposed the use of landmark with more
provided information for feature selection to assist in reducing computational workload.

In the work of (Jia et al., 2016) vision-based technique using a monocular camera was proposed to initiate
SLAM. The algorithm employed in their technique is known as Parallel, Tracking and Mapping (PTAM).
In PTAM, procedures are split into two level task operations in parallel. In the tracking level, monocular
camera fixed on mobile robot is used to capture images from the environment. Ground feature-based pose
estimation algorithm was proposed to detect ground features. But to achieve a more accurate robot pose, a
weighted projection error-based energy function expressed in (33) was used to achieve this task.

mxin Zw(rp )H r, (x)” (33)

where w represent the tukey biweight function for the homography-based projection error (rp )

Given the accurate robot localization attained by the expression in (33), matched features triangulated was
used to generate an initial map. Afterwards is the second level task known as mapping thread, during this
task, the initialized map is queried for incorporating new key features and these is achieved by employing
the use of epipolar searching procedure. The new matched features are selected for acceptance by
searching for candidate region around the epipolar with minimal differences of Zero-Mean Summed
Squared Differences (ZMSSD), while candidate region with higher differences in ZMSSD compared to
the threshold will be rejected for re-mapping. Expression is given in equation (34)

, r.< 90, accept
sy )= (34)
/ r;) O, reject

where
_ i) i
Ty = ”(Hi"./) Uj,

H, represent the homography estimated by RANSAC algorithm, vl/ signifies the reference feature of

i

u;,

r; represent the projection error and o, represent the threshold.

After classification using equation (34), new map points generated are in-cooperated into the map points
to improve the accuracy of the system. Indoor experimental performance carried out shows tremendous
achievement towards accuracy, but from the future work presented in their study, they intend to improve
the performance of their technique to cope with mapping in various illumination scenarios.
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The work presented in the study of (Agarwal and Burgard, 2015) is a graph based simultaneous
localization and mapping. The concept of graph-based SLAM relies on representing the nodes present in
the graph by each pose attained by the robot. In real world scenario, these nodes can be used to signify
features extracted from images captured by camera sensors or laser point cloud. Nodes can also be
employed to signify physical landmark of object like trees, cars etc. Edges present in the graph is
signified by a factor connecting two nodes. These factors represent the bearing measurement of features.
Given a robot navigating in an unknown environment using graph-based SLAM, the first problem to
address is creating a graph. This can be attained by identifying the nodes and the factors connecting these
nodes based on the data generated from the sensors, this computation is known as front-end. The second
problem to address is the nodes configuration that provides best explanation for the factors. These steps
assist to compute a maximum likelihood map and these computations is known as back end. Thus, the
back ends aim to find configuration of nodes that minimize error created by the factors from the front-end

operation. If x = (x1 yennnnnns , X, )T represent a state vector and X, signifies pose of node i which can also

represent a robot or landmark position. The error function (el.j (x)) description for a single factor between
iand j represent the different between Z ; and Z (xi )X ) Expression is given in equation (35).

A

ei/.(x):Z(x x.)—Z..

27 ij

(35)

where Z (xl.,x /.) signifies the expected measurement given in the current state, Zl.j represent the

observed measurement, iand jrepresent the graph nodes. The re-projection error of the observed

landmark must be minimized for accuracy purpose. Thus, the minimization error can be expressed in
equation (36)

x" =argmin Zely (x)' z_l e; (x) (36)

i
. i

-1 . . . .
where E _ represent information matrix related to the factors that exist between two pose x;
ij

and x, z ; signifies the covariance matrix and x" represent the optimal configuration of nodes with

limited error induced from the factors of front end operation. However, the effectiveness of graph based
technique towards SLAM has attracted researcher like (Agarwal and Burgard, 2015). In their enhanced
graph-based SLAM, experimental result shows tremendous success towards SLAM problem, but at an
expense of high computational cost due to an increase in computational requirement at the matrix
factorization stage. Furthermore, their graph-based SLAM couldn’t cope with dynamic environment and
in their future work, they will be improving the SLAM technique towards tracking of dynamic object.

The technique proposed in the work of (Li-Chee-Ming and Armenakis, 2016) is to address the problem of
SLAM required in the combination of Visual Serving Platform (VISP) and RGBD-SLAM. The VISP is a
common used open source tool for tracking relative pose between the camera and the model of an object.
The VISP is capable of carrying out the task of extracting the features important to address the problem of
SLAM. It entails the moving edge (ME) algorithm proposed by (Bouthemy, 1989) for feature extraction
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by matching the feature point in an image and projected model while the current pose of the camera is
estimated using a non-linear optimization method known as virtual visual servony. However, relying on
VISP alone might not be sufficient because issue arose when tracking is missing, there will be need for
re-initialization. This issue can occur as a result of lack of model features in the sequence of image
captured by the camera, rapid camera motion can also be a contributor to loss of tracking. Therefore,
improving the tracking becomes very important and RGB-D SLAM was proposed concurrently to provide
the VISP the missing tracking. The RGB-D SLAM is a graph-based approach similar to the one proposed
in the work of (Agarwal and Burgard, 2015) which involves the frontend and backend operation. Given in
Figure 2 is a model representing the integration workflow between VISP and RGB-D SLAM

Compute ViSP
with data

Matching Image—ﬂ
maodel noint

ViSP/RGB-D
SLAM loop ViSP’s camera pose

L correction (VVS)
Start/Reset

RGB-D SLAM

with accurate

camera pose[

NO

RGB-D SLAM ]<}=

C
3vril:$1r3r‘i)fotse Image/Model
Match (ME)

Figure 2: RGB-D SLAM /ViSP integration workflow (Li-Chee-Ming and Armenakis, 2016)

The collaboration was successful and experiment performance carried out on the second floor of York
University, Bergeron Centre for Engineering and Excellence shows tremendous improvement towards
recovery of lost tracking but at the expense of high computational cost. The experiment further reveal that
the computational issue didn’t happen at the VISP operation rather it happened at the RGB-DSLAM
running without resetting for an extended period of time, as a result of processing simultaneously huge
size of data. However, in the work of (Agarwal and Burgard, 2015), they also proposed RGB-D graph-
based SLAM technique and experience the issue of computational cost. In conclusion, could it be that
computational issue is a general problem associated with RGB-D SLAM technique?

(Irie et al., 2012) proposed to address the problem of SLAM for outdoor navigation taking into
consideration drastic illumination changes which happen in most environment. In this technique, stereo
camera capable of obtaining 3-D range data was employed to capture data from the environment.
Afterwards, 2-D grid map that is not much affected by illumination condition is generated. Given the 2-D
grid map, occupancy information and salient line segment can be extracted perfectly. The particle filter is
employed to extract the robot pose while edge pint based stereco SLAM was used to obtain robot ego
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motion and the occupancy information simultaneously. This extracted information is used to address the
SLAM problem. There are other important procedures carried out to develop their technique, the model in
Figure 3 provides full description of the proposed SLAM technique for mobile robot navigation in
outdoor environment.

Road Landmark Local Grid Map Matching
Detection Grid Map Measurement
N
1 Matching
Score
Stereo Images 3D Stereo Particle Robot
Camera g SLAM Filter Pose

N
Visual N\

Odometry

Figure 3: represent the stereo SLAM technique for mobile robot in outdoor environment (Irie et al., 2012)

The proposed model was successfully implemented and experimental performance of their visual
odometry recovered from error and performed very well under various illumination situations. However,
the technique failed under extremely adverse illumination condition such as when direct sunlight covers
large part of the image and giving this condition, limited edge point are extracted for detection which
resulted to huge error in motion estimation and inability to recover from kidnap robot.

In the research work of (Oh et al., 2015), they proposed to develop a Simultaneous Localization and
Mapping (SLAM) technique using a monocular camera and a 2-D laser scanner sensor. The two sensors
were encouraged because of environment with ambiguity such as long corridor, SLAM algorithm
working with laser scanners might not be able to estimate correctly the robot position. In resolving this
problem, monocular camera was introduced into their system to collect data from the environment. Figure
4 illustrate how the proposed SLAM technique make use of the two sensors.
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Figure 4: the proposed monocular camera and laser scanners sensors SLAM technique (Oh et al., 2015)

At the monocular camera stage, graph structure-based technique and hybrid method which allows the
SLAM technique to estimate the robot pose in ambiguity environment was proposed where laser scanner
fails. In a graph-based technique, the SLAM problem using a conditional probability is expressed in (37).

plez)a 1 p(z Jx) (37)

where x signifies the robot pose, z = (Z], ........ ,Zn), z, signifies measurement of a sensor at

i" step while p(zi |x)represent a potential function.

Given this technique, experimental comparison was carried out with a conventional G-mapping approach
and results revealed that their system performs better than the G-mapping approach. However, as
mentioned in the section of their results, the algorithm proposed has a small computational burden
because more image processing is executed when a node is added. This was also supported to be true
because in the work of (Deming and Perlovsky, 2006), it was stated that data association from multiple
sensors can cause the computational complexity of systems to be prohibitively high with an effect that can
lead to system failure.

The study of (Clipp et al., 2009) proposed a Simultaneous Localization and Mapping (SLAM) technique
using a stereo camera as the source of retrieving information from the environment. In their technique,
they took into consideration the issue of computational cost and propose the use of Kanade-Lucas-Tomasi
(KLT) feature tracking because of its advantage of high-speed in processing and robustness to features
that are repetitive in nature; this technique was combined with a wide baseline feature which helps the
system to improve its robustness to repetitive features and allows it to recognize previously visited areas
in the environment. Experimental performance of the system is impressive. However, as stated in their
conclusion, an item on the desk in front of the windows appeared blank due to the presence of high
intensity of bright sunlight and also, the system was unable to recognize the area that has already been
mapped due to movement of objects in the same area and this is as a result of low dynamic range of the
system. Thus, these two problems when encountered which makes their system to fail. In the future, they
plan to address this issue by extracting features in 3D scene just as it was proposed in the work of
(Changchang et al., 2008). The idea is to look for ways of combining 3D geometry and sparse feature
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detection with the aim of using immovable features in the image such as floor, wall and ceiling to re-
localize itself regardless of dynamic changes happening in the environment. Successful implementation of
this idea will allow the system to overcome the issue of dynamic environment and illumination variances

4. CHALLENGES, OPEN ISSUE AND RESEARCH DIRECTION

The SLAM domain has experienced a lot of research and various effective methods have been
recommended. Thus, there is no general technique of handling the complex problems various researchers
experience during the implementation of their SLAM techniques, but there has been improvement
towards addressing some of these issues. Take for instance, the issue of illumination variance which
happens as a result of object obstructing light generated from a source has not been fully addressed, but to
some extent in static environment, the effect has been minimized in the work of (Agunbiade et al., 2014,
Sujan et al.,, 2006). In dynamic environment, the effect of illumination variation becomes difficult to
address. Given a condition where static object cast dynamic illumination, localization becomes
complicated. It’s even more problematic and challenging to estimate localization if a dynamic object is
casting a dynamic illumination (Le Cras et al., 2013). A different problem that has not been fully resolved
is the issue of kidnap problem, although it has received a lot of attention from researchers with
improvement on it. The kidnapping problem occurs when the robot moves from one position to another
without having any information about its new position (Guyonneau et al., 2012) and this can happen as a
result of failing sensors or increase in measurement noise (Negenborn et al., 2003). Meanwhile, when a
robot is kidnapped in an environment, algorithms selected to solve this problem must be able to carry out
these objectives: ability to perform pose estimation, detect kidnap problem and global localization
(Guyonneau et al., 2012). However, in the literature, the initializing localization technique has been
positive to kidnap robot (Se et al., 2001). In this technique, an extensive search of the current observation
over the reference map (pre-mapped environment) will be carried out to find the robot position in relation
to this map. This will assist the robot to start up again at the last stop position since the last position has
already been mapped in the previous map. But in the situation where the current observation previously
map changed as a result of dynamic object present in the environment. This becomes challenging to
address because it will be unable to locate its current observation from the referenced map and re-
localization becomes impossible which might lead to robot lost without recovery (Se et al., 2001).
However, the dynamic environment which contribute towards complicating other problem is also an open
problem that researchers are still studying till date. Achievement in this research area depend on how
dynamic the environment is, the more dynamic the environment, the more difficult and challenging to
address (Walcott-Bryant et al., 2012). Lastly, conducting a review in SLAM is incomplete without
mentioning the computational cost as related to real-time. This is widely complained by previous
researchers working on SLAM (Agarwal and Burgard, 2015, Castellanos et al., 2001, Oh et al., 2015). In
literature, some researchers have proposed wide range of algorithm with mathematic technique to attain
impressive result towards computational cost (Dellaert et al., 2010, Kaess et al., 2008, Konolige et al.,
2010), but these algorithms have their own advantages and disadvantage (Dissanayake et al., 2011). Take
for instance the FAST-SLAM commonly used by researchers (Montemerlo and Thrun, 2003, Qiu et al.,
2012) trying to limit computational cost relies heavily on particles. The accuracy of FAST-SLAM is
dependent on the number of particles which can also increases the computational complexity (Wurm et
al., 2003). Some researchers also proposed to improve the accuracy by introducing more algorithm to
enhance the SLAM system performance, but with an effect that increases the computational complexity
(Li-Chee-Ming and Armenakis, 2016, Yinka et al., 2014). In both situation it becomes a tradeoff between
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accuracy and SLAM runtime. Therefore, researchers are left to decide whether to reduce the accuracy of
the SLAM system to decrease it computational cost or vice versa. In future, the greatest accomplishment
is to attain a globally optimal solution that will address all SLAM problems. In attaining this goal, more
investigation is still necessary to be carried out for proper understanding of some problem. Given a robot
in real life scenario, it should be able to localize and mapped in various environment condition like in-
door, out-door and under water environment. In any environment, object is often present, some objects
are static while some are dynamic in nature. Therefore, SLAM technique must be capable of modeling the
environment at object level, most especially in human predominant environment. Furthermore, Noises
such as environmental noises (shadow and light intensity), sensors noises, gaussian noise etc all need to
be eliminated to attain a SLAM technique with maximum accuracy. Even though we’ve discussed some
issues that needs to be resolved to present the future SLAM. However, all problems need to be
accomplished in real-time.

S. THE PROPOSED NOVEL SLAM TECHNIQUE

Over the years, researchers have proposed various SLAM technique, but they were confronted with one
problem or the other. In this review, some of the problems discussed are as follows: Illumination
variation, kidnap robot, dynamic environment and high computational cost. Thus, all these problems if
not fully addressed can be minimize towards improving the SLAM performance. In the proposed SLAM
technique, filters could be employed to minimize the effect of illumination variation of shadow and light
intensity. In literature Normalize Difference Index is a common algorithm towards minimizing the effect
of shadow (Agunbiade et al., 2014) while dark channel prior and OTSU thresholding algorithms are used
to minimize light intensity (Agunbiade et al., 2014). These filters could be operating in parallel since we
are taking into consideration the issue of high computational cost. The kidnap problem which contribute
to localization failure can also be addressed by introducing into the proposed SLAM the scan to match
algorithm to search for the reference map of the current observation for re-localization of the robot (Se et
al., 2001). The dynamic issue can be minimized by introducing the enhanced fuzzy clustering technique
for keeping track of multiple dynamic object in the environment (Walcott-Bryant et al., 2012). The
SLAM algorithm is most likely to be particle based, because of it satisfactory result and acceptable
performance towards computational cost. However, with the proposed novel SLAM technique possessing
all these characteristics, it will offer better performance than any of the technique discussed in this review.

Conclusion

In this study, review on various SLAM algorithms was conducted, to understand how SLAM problem are
being addressed, and the trend of problem encountered by researchers. SLAM has attracted many
researchers because it supports the possibilities of concurrent execution of mapping and localization
process. These become a great accomplishment in solving the problem of mobile robot autonomously
achieving its goal without being controlled by anyone. More so, improving on this research area will
require addressing problems associated with current SLAM. Therefore, review was conducted on recent
and foundation SLAMT in order to assist us to discover persistence and recent problem associated to
current SLAM techniques. However, the observation from this study suggested that new researchers must
focus their attention on the issue of high computational cost as related to processing time, this is a major
problem mostly complained in SLAM. In addition, other problems such as illumination variance (light
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intensity and shadow), kidnap robot and dynamic environment are persistence problem mentioned by the
researchers in their studies. Figure 5 shows the overall impact of these SLAM problems as related to this
research.

Impact of Problems In SLAM Techniques
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Figure 5: The overall impact of the SLAM problems

Furthermore, the advantages and limitations of sensors as related to SLAM problem were also discussed.
In our future work, we will be implementing the proposed SLAM technique and successful execution will
improve the performance of autonomous robot in path planning, exploration and mission planning.
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