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Abstract

This paper introduces an improved line tracker us-
ing IMU and vision data for visual servoing tasks.
We utilize an Image Jacobian which describes mo-
tion of a line feature to corresponding camera
movements. These camera motions are estimated
using an IMU. We demonstrate impacts of the pro-
posed method in challenging environments: maxi-
mum angular rate ≈ 160◦/s, acceleration ≈ 6m/s2

and in cluttered outdoor scenes. Simulation and
quantitative tracking performance comparison with
the Visual Servoing Platform (ViSP) are also pre-
sented.

1 INTRODUCTION

This paper presents an inertial measurement unit (IMU) aided
robust vertical line feature tracking for visual servoing tasks.
Robust feature tracking is one of the keys to success of these
tasks. Researchers have demonstrated reliable visual servoing
technique in a variety of camera configurations [Hutchinson
et al., 1996][Chaumette et al., 2006][O’Sullivan et al., 2013]:
observing a workspace by stationary external cameras, cam-
eras mounted on a robot manipulator or on a mobile robot
or an aerial robot. The mathematical visual servoing model
for these cases is similar, camera motion, however, is sig-
nificantly different and this introduces challenges for robust
feature tracking. We are interested in using an aerial robot
for a vertical infrastructure inspection as shown in Fig. 1.
In order to accomplish this task, it is required to obtain high
quality vision data and estimate accurate camera motion. Re-
cent high-speed camera technologies are able to provide this
vision data but there is still a gap for tracking features with ag-
ile camera movements. The yellow line from Fig. 1 denotes
the tracked line with only vision data. When a camera starts
moving fast, the line falls behind due to the motion during the
camera sampling time period, 10ms. This can be compen-
sated by estimating camera velocity using an IMU. We ex-
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Figure 1: Top left figure shows a predicted line (red) with the
proposed method and without this prediction (yellow). The
second column and bottom left is the corresponding IMU
measurements and the raw image. The maximum angular
rate is 2.8 rad/s ≈ 160◦/s and acceleration is 6m/s2. Three
gyro sensors, ADXRS610, and tree-axis MEMs accelerome-
ter, LIS344ALH, are utilized for experiments.

ploit a 70Hz IMU1 2 to estimate camera motion and a 100Hz
high-speed camera for vertical line feature extraction. The
tracked lines are fed into an Extended Kalman Filter (EKF)
for pose and velocity estimation. We then compute an Image
Jacobian with respect to the estimated states for line predic-
tion. This paper focuses on line prediction using an IMU to
improve line tracking performance. Major differences to our
previous work [Sa et al., 2012] and contributions of this paper
are:

• Presenting and demonstrating the line prediction model
using IMU for an aerial robot.

1LIS344ALH, STMicroelectrinics, http://www.st.com
2ADXRS610, Analog Devices, http://www.analog.com
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• Improved line tracking accuracy by using sub-pixel in-
terpolation.

• Performance comparison with ViSP in indoor and out-
door environments.

This paper is structured as follows: Section 2 introduces
related work and background. Section 3 and 4 address line
prediction model and sub-pixel interpolation. We present our
experimental results in Section 5 and conclusions in Section
6.

2 Related work and background

The major aim of visual servoing is to move the camera to the
target pose using visual information directly. There are two
different methods to visual servoing: Position based visual
servoing (PBVS) and image based visual servoing (IBVS).
These approaches are similar in using feature tracking but
PBVS needs an additional pose estimator. [Marchand et al.,
2005] demonstrates a feature tracking platform for visual ser-
voing. They implement a wide range of feature tracking: con-
tour, point, line, 3D model-based edge, edge-feature hybrid.
For edge tracking, convolutions are computed along the nor-
mal of a previous edge. M-Estimators then suppress outliers
to estimate an edge. Interestingly, the oriented gradient algo-
rithm determines position of points in the next image frame.
User input and predefined CAD models are required for ini-
tialization. In our approach [Sa et al., 2012], initialization
is automatically performed by a Hough transform [Hough ,
1959] and a Canny edge detector. [Voigt et al., 2011] exploit
an IMU for efficient outlier detection in poorly and repeti-
tively textured environments. They propagate the pose using
IMU data and compute point feature Jacobian for prediction.
They argue this method constrains the search area where the
matching feature is able to be found with high probability and
this also increases the ratio of inliers. The fundamental idea is
similar to the proposed method except we use the line feature
Jacobian for prediction.

Researchers also have presented IBVS for aerial robots.
IBVS has advantages of direct control task in image feature
space and is inherently robust to camera calibration and tar-
get modeling error. [Mahony et al., 2005] present pioneer-
ing achievements for IBVS using an aerial robot. They track
parallel line features and control a vehicle using backstep-
ping control. Similarly [Lee et al., 2012] present an adaptive
IBVS system with a quadrotor. They exploit point features,
adaptive sliding mode control and estimated depth, distance
between a camera image plane to a feature, using known ge-
ometric model of the target. This depth estimation is crucial
for IBVS performance. There are a number of approaches for
this problem [Corke, P. , 2011]: assuming a constant depth,
using multiple view techniques by recovering scale with an
additional sensor and using measurements from an additional
sensor with optical flow.
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Figure 2: (a) Coordinate systems definition. We assume the
transformation between {I} and {C} is constant. CRI rotates
a vector defined with respect to {I} to a vector with respect
to {C}. (b) Image plane representation of line parameters:
slope, α and intercept, β , measured in pixels.

3 IMU aided line prediction
Robust feature tracking plays an important role in vision
based methods. It is difficult to provide high quality track-
ing with agile camera motions and lighting condition change.
We make use of inertial measurements which can provide ac-
celeration and angular velocity in the body coordinate. Prop-
agating the current feature using inertial measurement allows
us to predict the next feature location in the image plane.

3.1 Coordinate systems
We define two right-handed frames: IMU {I} and camera
{C} which are shown in Fig 2(a). The x-axis of the IMU is
forward and the z-axis of the camera is forward. The notation
aRb denotes rotating a vector defined with respect to {b} to
a vector with respect to {a}. The inertial measurements can
thus be expressed in {C} by applying the rotation

CRI = Ry(π/2)Rz(π/2) (1)

3.2 2D line representation
A 2D line on the image plane, `, can be represented in ho-
mogenous form such that

`= `1u+ `2v+ `3 (2)

It is also possible to represent a 2D line with a simpler param-
eterization: polar coordinate or standard slope-interception
form. The latter representation is cheap to compute but has
a singularity for vertical lines which we want to track. For
vertical lines `1 ≈ 0 and |`2| � 0 so we choose a parameter-
azation represented with α and β .

Lk = [αk,βk]
T , where αk =

`1

`2
, βk =

−`3

`2
(3)

where Lk is the measurement at time k. Although there is
singularity for a horizontal line, we do not expect this in our
application, see Fig 2(b).
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3.3 Prediction model
We use a linear feature velocity model for line prediction

L̂k+1 = Lk +∆L̇k (4)

where L̂k+1 is the predicted line, L̇k is the feature veloc-
ity, Lk is the previously observed feature and ∆ is the sam-
ple time. In order to calculate feature velocity, we compute
an image Jacobian, Jl, which describes how a line moves
on the image plane as a function of camera spatial velocity,
v = [Cẋ,Cẏ,C ż,Cωx,

Cωy,
Cωz].

L̇k = Jlkvk (5)

This image Jacobian is the derivative of 3D line projection
function with respect to a camera pose. We exploit Plücker
line representation for the 3D line and an EKF for pose es-
timator. The line tracker has two phases: bootstrapping and
tracking. The computationally expensive Canny edge detec-
tion and Hough transform are utilized only once for boot-
strapping. After two pole edges are detected we compute
camera horizontal position using a pinhole camera model.
This is used for EKF initialization. Next the tracker is invoked
while the vehicle is flying. There are two steps: line search-
ing and line model fitting. Horizontal gradient (Sobel kernel)
images are computed. We sample uniformly distributed 60
points along the predicted lines. We then compute maxima
along a fixed length of horizontal scan line. This parame-
ter is empirically set to 24 pixel. These maxima are input
to a line fitting algorithm using Random sample consensus
(RANSAC) [Fischler et al., 1981], to update the line model
for the next iteration.

Fig. 3 shows the prediction result. The camera motion
is 1.7m/s2 along its x-axis and rotating 19◦/s about its z-
axis. The yellow and the red line from Fig. 3(b) denote with-
out prediction and with prediction respectively. Note that we
draw an image at time k+ 1 with the predicted line for time
k in order to demonstrate prediction. This figure qualitatively
shows that the red line is closer to the edge than the yellow.
Fig. 3(c) shows the statistical result over multiple line seg-
ments. We measure pixel intensities along a fixed length of
horizontal searching line (See a cyan line from Fig 3(b).) and
then plot them against U image coordinate in Fig. 3(c). The
red predicted line is close to the maxima whereas there is an
offset in the yellow line. This offset varies with motion of the
camera.

3.4 Simulation
In order to validate the prediction model, we simulate a cam-
era observing 2 world lines using the simulation framework
of [Corke, P. , 2011]. For IMU measurement, synthetic ac-
celeration and angular rate are created. The camera positions
and orientations vary in sinusoidal motion. The trajectory of
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Figure 3: (a) A raw image in controlled indoor environment.
(b) This figure shows a predicted line (red) and without pre-
diction (yellow). We sample pixel intensities along the pre-
dicted line (cyan). The number of samples is 60 and the hor-
izontal searching size is 24 in pixel. (c) The predicted line is
close to the maxima whereas there is 4.5 pixel offset without
prediction.
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Figure 4: (a) The camera is simulated for 1000 iterations and
these trajectories are downsampled by factor of 10. (b) Accu-
mulated a predicted line (red) and a current line (blue).

the camera and predicted line are shown in Fig. 4. This fig-
ure accumulates 10 samples current line (blue) and predicted
line (red). Blue lines are drawn over the predicted red line.
It implies the model is able to predict an exact next feature
location under ideal condition.
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4 Sub-pixel interpolation
Estimating the position of the maximum intensity along a
scan line is usually performed in discrete pixel space. This in-
tensity signal is a sampled representation of a continuous sig-
nal. There might be errors in discrete position of the maxima
and true position. It is difficult to measure the true position
of the maxima. However we might be able to reduce these
errors by using subpixel interpolation [Corke, P. , 2011]. A
common approach is to fit a quadratic function

y = aδ
2 +bδ + c (6)

to the neighboring points, y(−1) and y(1), of a discrete max-
ima, y(0). We compute a closed form when the derivative of
the parabola function is zero.

δ =
1
2

y(−1)− y(1)
y(−1)−2y(0)+ y(1)

(7)

This δ is the displacement between the discrete maxima and
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Figure 5: A sub-pixel interpolation example. Red dot at 14
denotes the discrete maxima. We choose 2 adjacent pixels of
it (green box). Red line is a parabola fit from (6) and δ is
0.5 in this example. The interpolated pixel location is 14.5
(triangle).

the peak of the parabola function. Fig. 5 illustrates this. We
have a discrete maxima at 14 (red circle) and δ is 0.5. The
interpolated maxima is 14.5. Again it is challenge to know
the true position of the maxima. Therefore we compare line
tracking quality in two cases: with and without sub-pixel in-
terpolation as shown in Fig. 6. We observe considerable noise
without sub-pixel interpolation in alpha during 0∼ 4 second.
We are investigating the impact of the sub-pixel interpolation
on the smoothness of control in a variety of conditions such
as flying indoor and outdoor.

5 Experiments
We present two sets of experimental results for tracking: in-
door and outdoor. In addition, we compare the performance
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Figure 6: Top and bottom figure show the slope (α) and in-
tercept (β ) respectively. We are able to see the quantization
effect during the period 0∼4 seconds.

of existing line tracking software, ViSP [Marchand et al.,
2005]. There are two key parameters which play significant
role in tracking performance and computational time: hori-
zontal scan line and vertical samples. We initialize these pa-
rameters as 24 and 60 for all methods for experiments. The
performance can be also seen in the associated video clip.

5.1 Experiment system configuration
100Hz vision and 70Hz IMU data are recorded using an
onboard single board computer running Ubuntu Linux and
Groovy Robot Operating System (ROS). The vision sensor
is a low-cost high-speed Playstation EyeToy connected via
USB. This CMOS camera has a rolling shutter which is prob-
lematic on a moving platform. We are able to adjust essen-
tial camera options (such as exposure, frame rate, gain etc.)
through the USB driver.
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Figure 7: Software system diagram. Different colors de-
note corresponding sampling rates. We track two lines, L =
[α,β ]T , for an EKF pose estimator. Then the feature veloci-
ties, L̇ = [α̇, β̇ ]T , are computed using an Image Jacobian. All
software is implemented using ROS.

The IMU provides [Φ̇,a] where Φ̇ = [φ̇ , θ̇ , ψ̇] is the roll,
pitch and yaw angle rates and a the 3-axis acceleration, in the
body frame. Fig. 7 shows the system configuration. Differ-
ent colors denote different sampling rates and arrows denote
data flow at a given frequency. Each box is an individual
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Figure 8: Medians of the proposed algorithm and ViSP are
3.5ms and 3.05ms. Our algorithm reports slightly slower
computational time than ViSP. Most calculation time is con-
sumed by RANSAC line fitting. Even though it is also pos-
sible to outperform ViSP by relaxing parameters, we choose
rigorous parameters for robust and precise tracking. 0.3 pixel
threshold and 500 maximum iteration.

ROS node implemented using C++. ViSP 2.6.2 is used for
line tracking performance comparison. The proposed algo-
rithm and ViSP are executed on an Intel Core i5 3.33GHz
quad-core CPU. Fig 8 illustrates execution time and statis-
tics of both algorithm. Our algorithm is slightly slower than
ViSP on average and more variable. This is mainly due to the
RANSAC line fitting procedure [Fischler et al., 1981]. Al-
though, it is possible tune parameters in order to outperform
ViSP, we are unable to guarantee robust tracking.

5.2 Indoor environment
Tracking performance with line prediction is evaluated in a
controlled indoor environment. A platform which mounts
a camera and IMU is hand carried and randomly moved
around the target. We compare line tracking performance
with/without the proposed prediction model. ViSP also is
evaluated with the same dataset and parameters.

Fig. 9(a) shows the results. The tracker without the pre-
diction model performs poorly when the camera moves fast,
whereas the proposed model provides accurate prediction.
Although ViSP is able to track well, around 17 second the
software crashed due to insufficient measured points. Related
video can be seen in 4.ViSP comparison Indoor
experiment.

5.3 Outdoor environment
The tracker is also executed in cluttered outdoor environ-
ments. Fig. 10 shows the tracked α and β values. The
proposed algorithm and ViSP show accurate tracking perfor-
mance in the outdoor environment. Interestingly, the results
from ViSP vary occasionally even for the same dataset. It is
able to track as shown in the corresponding video 5.ViSP
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(a) α tracking results in indoor environment
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(b) β tracking results in indoor environment

Figure 9: A line tracking result in indoor environment. A
tracker is unable to track without prediction model (dotted
line) when a camera moves fast. ViSP is crashed around 17
second due to not enough measurement (blue line).

comparison Outdoor experiment. Fig 10 shows
that ViSP lost tracking around 20 second with the same data.
The outdoor dataset was recorded and replayed at 100Hz for
performance comparison. There are several frames drops
while replaying recorded video due to the limitation of the
available hardware capacity. The proposed algorithm is able
to handle this frame drops whereas ViSP randomly loses a
line.

6 Conclusions and future work
We have demonstrated an IMU aided robust and accurate line
prediction. An Image Jacobian for a line is computed and
incorporated with the inertial measurements for prediction of
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(a) α tracking results in outdoor environment
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Figure 10: A line tracking result in outdoor environment.
ViSP lost tracking around 21 second. The red line denotes
the proposed method and is able to track a line.

the next line on the image plane. Although this approach is
simple and intuitive, there are two significant benefits: robust-
ness and accuracy. Since we are able to predict where the next
line is going to be, it is possible to constrain the line search-
ing area to be as compact as possible. This leads us to reduce
the ratio of outliers and improve accuracy. Sub-pixel interpo-
lation finds the confined maxima and allows us to track a line
accurately as well.

Experimental results demonstrate line tracking perfor-
mance with/without the proposed algorithm in indoor and
outdoor environments. The ViSP comparison gives an insight
into the efficiency and reliability of the proposed algorithm.
In this paper we utilize a 100Hz high-speed camera and the
use of this promises some important other benefits. From a vi-

sion perspective, for example, the scene change from frame to
frame is small which means that simple visual features (with
poor invariance properties) should work well. From a control
viewpoint, a high sample rate is important for rejection of dis-
turbance and for lag compensation using estimated velocity.

We are using the proposed algorithm for aerial robot stabi-
lization with respect to the target at high update rates. This
implies the flying robot is able to tightly lock on to the tar-
get and move up, down and around the target for inspection
purposes.
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