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I. INTRODUCTION

Physical world is unpredictable and full of uncertainties. A
flat floor might not be flat, a straight wall may not be straight,
floor/ground friction will always vary from place to place.
In the world of robotics we try to perceive and manipulate
this physical world through computer generated signals which
we can very well control at our own will. Similarly there
will always be uncertainties, manufacturing fault etc in a
robot hardware. These faults include faulty sensor, worn out
rubber wheels (less friction), etc. Due to these uncertainties
the robot’s real state in the physical world is a function of
both the computer signal(Known signal) and the environment
state(completely unknown). For example, the computer sends
instruction to the motor driver to rotate 5 time to travel Sm in
the forward direction, but dues to worn out wheels and slightly
steep floor the wheel couldn’t generate the required traction
and the robot only travelled 4 meters. Thus the robot controller
and the real world goes out of sync i.e. the controller thinks
the robot has travelled 5m forward but in reality it hasn’t.
This may lead to several fatal accidents (Self-Driven cars,
rehabilitation robotics etc) and hence robots won’t be safe
to use. Thus it is evident that for a robot to manipulate/work
safely in an environment, we need to take care of the unknown
uncertainties and accordingly incorporate environment state
estimation capabilities in the robot. Simultaneous Localization
and Mapping (SLAM) is one such capability which allows
a robot to simultaneously generate a Map of the unknown
environment it is in and localize itself within the generated
MAP. In this project we are given a set of sensor readings
(Stereo camera pixels of certain landmarks) and Robot(Car)
pose, using which we have to estimate the trajectory of the
robot. The project consists of 3 steps: Mapping, Prediction
and Update. Mapping is achieved using the Stereo camera
pixel data given. Prediction and update is performed using
the IMU data (Linear and Angular velocity) and the Extended
Kalman filter.

II. PROBLEM FORMULATION

As discussed in the previous section, we are trying to solve a
mapping and localization problem i.e. SLAM. The central goal
of SLAM can be stated as follows: Given a series of control
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signals and sensor measurements, estimate the unknown
environment/Map and its pose relative to this map.
Mathematically speaking, given a dataset of the robot inputs
ug.71 and observations zg.r we have to maximize the data
likelihood conditioned on parameters Map m and state xg.p:

maxzo.r, mlog p(zo.r, Uo:Tl\ZL’o:T , m) (D

Where xo.7 is pose trajectory of the robot from t=0 to T and
zg.1 1s the set of all observations from t=0 to T. and m is the
map.

Other than this we will also implement a Bayesian filter that
keeps track of the the probabilities given below:

Pee(we) = p(¢|20:4, U0,t-1) 2)

Petife(Ter1) = p(Tey1]20:, vo,t) 3)

where py; represents the pdf of robot state at time t con-
ditioned on all the observations upto time t and control input
upto time t-1. Similarly, p;, 1; represents the pdf of robot state
at time t+1 given all the observations and control inputs upto
time t. In this project we implement an Extended Kalman Filter
(EKF) which is a type of Bayes filter to solve the localization
problem.

From class we learnt that SLAM is a chicken and egg
problem comprising of :

1) Mapping: Given Stereo Camera pose, four pixel coordi-
nates of a landmark, transform the depth lengths from the
Camera Frame to the world frame using the car’s IMU
data given to us. We then build the map by plotting the
coordinates of the landmarks obtained in the world frame.

2) Localization: Given the position of the landmarks in the
environment, localize the robot and estimate its trajectory
Xo.r-

In order to apply the Extended Kalman Filter (EKF) to this
project the following assumptions were made.

1) The prior probability is a Gaussian.

2) The motion model is affected by Gaussian noise.

3) The observation model is affected by Gaussian noise.

4) The process noise w; and measurement noise v; are
independent of each other, of the state z; and across time.

5) The posterior pdf is forced to be Gaussian via approxi-
mation.



A. Motion Model

Let the motion model of the robot be defined as follows

Ti41 = f($t7ut7wt) 4

Applying the assumptions as stated above, we have prior of
xy ~ N(peje, epe) and wy ~ N(0,W). EKF uses first order
taylor series expansion to linearize the nonlinear motion equa-
tion of the robot around the prior mean. Thus the ‘approximate
equation becomes:

f (@, ue, we) & f(pege, ue, 0) + Fy X (2 — pgye) + Qi X (wy —0)

&)
where F, = df(r:‘ii’;"o) and Q; = . Since both
the w; and z; are independent of each other and Gaussian
distributions are stable, we can predict the pdf of x;1, i.e. it
will also be a Gaussian. The predicted mean and covariance
of the the next state is as follows:

df (@4,u4,0)
dw

M1t = f(,ut\t,uta 0) (6)

Yip1e = tht\tFtT +QWQT (7N

B. Observation Model

Let the observation model of the robot be defined as:

Zt41 = h($t+1, Ut+1) ®)

where v; ~ N(0,V). As in the motion model, the observa-
tion model is also linearized about the predicted mean from
equation 6. Hence we get,

h(2ig1,vir1) = h(pegr)e, 0) + Hipr X (Te1 — pgrfe)

+ Rip1 X (041 —0)  (9)
where, Hyy1 = w and Ryyq = w. Using
these the final updated mean and covariance of the robot state
and landmark pose are as follows:

Pt = Hep1fe + Kepe(zee1 — migage) (10)
Vi)t = Begape — Kt+1|tSt+1\thT+1|t (11)

Where,
Kt+1\t = Ct+1|tst__~_11‘t (12)
M1yt ~ h(ﬂt+1\ta0) (13)
Seprje ~ Hip1 S e Hiyy + Res1 VR, (14)
Ct+1|t ~ 2t+1\tng|.1 (15)

C. Calculating Depth from Stereo Camera pixel values

The stereo camera is inspired by the biological vision
system which enables the robot to perceive depth. When the
calibration matrix of both cameras and the baseline distance
between the cameras are known, we can calculate the depth
(i.e. distance from the camera) of a landmark depending upon
the pixel coordinates of the landmark in both cameras. This is
done as follows. Given the pixel coordinates [uy,, vy, uR, VR]
for a given landmark [z, y, 2] in the optical frame, we have

T

ur, fsu 0 ¢y 0 5

vp| | 0 fsy ¢ 0 %

UR fsu 0 Cu _fsub 1

VR 0  fsy ¢ 0 z
where, f= focal length, (s,,s,) = Scaling from meter

to pixels, (cy,c,) = Image center, b = Baseline distance
between the 2 cameras.
Solving the above matrix equations, we get

b
Depth, z = fsi (16)
Uy, —UR
Uy, — Cy
T = (17)
fsu
VL — Cy
== 18
Yy o (18)

These values obtained were then transformed to the world
frame using the inverse of camera to IMU transformation
matrix given to us with the dataset. This information was
then used to predict and update landmark position and robot
location means simultaneously.

III. TECHNICAL APPROACH
A. Prediction

We used the IMU data namely linear and rotational velocity
to estimate the location of the IMU (i.e. the car) in the map.
To keep things simple we worked with the discretized version
of the kinematics and zero-mean perturbation kinematics. We
used exponential map to transform the perturbation equations
from se(3) to SE(3). Therefore, the predicted IMU pose is:

,ui’ff‘t = exp (fmit)uirtw) (19)

Ei’fﬁt = exp (—7u}) ilntw exp (—Tup) + W (20)

where, U, represents hat map of velocity vector at time t,
up = [vg, wy]T, and u] represents the twist vector defined as

i

0 W D

W is the covariance of noise in the motion model as defined
in equation 4.



B. Mapping

We use the predicted mean in above subsection to update
the landmark mean and covariance. We initialized the 4*"
landmarks with prior mean and covariance

it\lttlidmark = [713 -1, *]-a 71]T

(22)

1
Elandmark — |0

tt,q (23)
0

0 0
1 0
0 1
Where, i goes from 1,2,3....N. N= Total number of features at
a given time t. For a given timestamp t we find the valid set of
landmarks by looking at the 4xN feature matrix and searching
for indices whose values are not [—1,—1,—1,—1]7. These
respective pixel values are then converted to the world frame
(as explained in section II-C) with respect to the previously
predicted IMU pose from equation 6 and the landmark means
are reinitialized with these converted values. When we en-
counter landmarks that has already been seen before we update
the mean and covariance of these landmarks using equations
10 and 11. In order to do so we build the H; and K; (as in
equation ?? and ??) matrix for these features.

Now, although we have made a bold update to the landmark’s
mean and covariance for a given timestamp in the previous
paragraph, this landmark mean was obtained based on the
predicted mean and covariance of the IMU pose from equation
6and 7. Hence, there is no guarantee that it will be correct.
So we proceed to the next step i.e. Visual-Inertial SLAM, in
which we update the pose of both the landmarks and IMU of
the car at a time.

C. Visual-Inertial SLAM/ Update

Now that we got our updated landmarks and predicted IMU
pose we compute the new predicted observation of pixels for
each of the updated landmark means using the reverse of the
step explained II-C. The equation is as follows:

Landmark

Zir1,i = Mn(Tor ¥ py ) (24)

where, M is the stereo camera calibration matrix from equation
II-C, Ty is the IMU to camera frame transformation matrix,
pigndmark s the mean pose of the ith landmark (calculated
in previous subsection using equation 10) and 7() is the
canonical projection function. This is done for all the N
landmark points. We then compute the Jacobian of Z; by
taking the derivative of equation 24. The final Jacobian matrix
obtained for a given vector ¢ = [q1, 2, ¢3, q4] is as follows:

1 0 —qi/g3 O

dr |0 1 —g2/q3 O

dg |0 0O 0 0 5)
0 0 —q/gs 1

Now, we update the pose of IMU, using equations 24, 25 and
the equations below. We first build the H;}; block diagonal
sparse matrix as follows:

dr

t+1]|t, dq

(Torpesajeimi)Tor((Hegape,ima)?)  (26)

Similarly we calculate the Kalman gain matrix from the H;
as follows.

K= Efﬁ[éffﬂm(Ht+1\t2t+utH£1|t +V)7t@n

Where, V is the observation noise covariance. The IMU pose
update equation is as follows,

pii = exp (K (2o — Zep))pi 1 (28)
The covaraince of the IMU pose is updated as follows:
S = (= Koo d) 2000 (29)

Now, using the updated IMU mean Pose, we update the
landmark pose mean and covariance as per the steps discussed
in section III-B. The mean of each landmark at a given
timestamp t, corresponds to the world coordinates of the
landmarks in the map. The updated IMU mean pose at a given
timestamp t, gives us the trajectory of the IMU/ car in the
world.

IV. RESULTS AND DISCUSSION

The estimated trajectory of the robot/car for each data set is
shown below. While changing V doesn’t make much visible
difference to the trajectory, the trajectory slightly changed
when we change the W value. This shows how robust the EKF
is to noise. The case wise result for each dataset is discussed
and illustrated below.

The trajectory estimate for dataset no 0027 is shown in
figure 1. For this I have randomly selected every 5th feature
from the feature matrix for a given timestamp. When, I took
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Fig. 1. Trajectory estimate by taking 790 (out of 3950) evenly sampled

features per timestamp (Dataset 0027 V=15,W=0.001)

every 25th sample from the feature matrix per timestamp, the
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Fig. 2. Trajectory estimate by taking 158 (out of 3950) evenly sampled
features per timestamp (Dataset 0027 V=15,W=0.001)

program runtime reduced. But then I wasn’t able to get a loop
closure. This fact is illustrated in fig 2.

From this we conclude that, good feature selection forms
an essential part of Visual Inertial SLAM, especially to detect
loop closures. Thus, there is a trade off between program
runtime and performance. A solution to this problem is to
cherry pick the most frequently visited/ seen feature, but even
this has a drawback. It is an obvious fact that throught time
the most least visited feature will be present at the turning
points of the trajectory. Thus this solution may also lead to bad
trajectory prediction. The safest way to get a good trajectory
estimate is to take into consideration all the features at a give
timestamp.

Trajectory estimate of Dataset no 0034 is show below in
figures 3 and 4. It can be observed that both the downsampled
versions i.e. 25 and 5 are almost similar, they have approx-
imately the same starting and ending points. This is due to
the fact that there is no loop closure in this dataset. As a
result of which, towards the end of the trajectory, there is less
previously visited features as compared to dataset 0027, thus
there is less deviation at the end. On comparing the plots with
the video provided to us, it is evident that figure 3 i.e. feature
matrix sampled at intervals of 5 performs better as compared
to fig. 4.

The trajectory estimate of dataset 0022 is shown in figures 5
and 6. As in dataset 0034, it is observed that downsampling has
no effect on the initial and final postion of the car. This is again
due to the fact that, there is no loop closure in this trajectory.
The only visible difference is the fact that 6 dataset i.e. 25
Downsample data, predicted trajectory is a bit left drifted,
this is because by downsampling, we are essentially ignoring
some vital feature in every timestamp, hence the predicted
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Fig. 3. Trajectory estimate by taking 963 (out of 4815) evenly sampled
features per timestamp (Dataset 0034 V=15,W=0.001)
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Fig. 4. Trajectory estimate by taking 193 (out of 4815) evenly sampled
features per timestamp (Dataset 0034 V=15,W=0.001)

trajectory is a bit translated. This again endorses the fact that
data preprocessing is a essential part of SLAM.

In conclusion we see that, stereo camera gives a good per-
ception of depth and hence enable us to predict the trajectory
of the car in the world. The IMU pose prediction step forms an
essential part of Visual inertial SLAM, it helps us to roughly
get the map and then ultimately update the pose of both the
landmarks and the IMU in the map, thus aiding in localization.
It is also observed that the Extended Kalman filter algorithm
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Fig. 5. Trajectory estimate by taking 644 (out of 3220) evenly sampled
features per timestamp (Dataset 0022 V=15,W=0.001)
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Fig. 6. Trajectory estimate by taking 129 (out of 3220) evenly sampled
features per timestamp (Dataset 0022 V=15,W=0.001)

is very robust to both motion and process noise, this is a direct
result of the assumptions we made in section II.



