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Abstract—This paper aims to resolve the problem of UAV
robustly continuous navigation along one side of overhead transmission lines. To this end, we develop a corresponding navigation
scheme and address the following three key issues. First, we
integrate the tracking and deep-learning-based detection for the
real-time and reliable transmission tower localization. Second, to
provide UAV with a robust and precise heading, we compute and
optimize the vanishing point of transmission lines. Third, to solve
the problem of measurement of distance from transmission lines,
we turn to estimate the distance from UAV to transmission tower
by triangulation following the multiple-view strategy. Finally,
by the designed UAV platform, the whole system is tested in a
practical field e nvironment a nd a chieves a n e ncouraging result.
To the best of our knowledge, this paper marks the first time
that a continuous flight s cheme a long o ne s ide o f transmission
lines is put forward and well implemented.
Keywords—UAV; transmission-line-inspection; autonomous navigation; deep learning

I. I NTRODUCTION
The overhead transmission lines and associated infrastructures are vital to economic construction. They are often
exposed to the severe weather condition and lack the regular
maintenance, which brings reliable power delivery a hidden
danger. Autonomous transmission-line-inspection has always
been a hot issue in the field of intelligent robot [1]–[3]. Among
all the robot platforms, unmanned aerial vehicles (UAVs)
are considered most prospective for its greater flexibility and
broader operation range.
For UAVs, safe and continuous autonomous navigation
along overhead transmission lines has been a problem. A direct
and effective way is to navigate UAV by global positioning
system (GPS). Luque et al. [4] developed a quadrotor-based inspection system and achieved an autonomous inspection along
pre-defined GPS waypoints. Lu et al. [5] addressed the issues
of transmission-line tracking and shooting simply utilizing the
GPS data of UAV and transmission towers. However, such
a system depends extremely on the precision and stability
of GPS data simultaneously also lacks the consideration of
surroundings. Currently, an effectively alternative scheme is
to navigate UAV by the detected transmission lines. Ceron et
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al. [6] proposed a navigation scheme based on transmission
lines and verified it by a simulation. Actually, the existing
transmission-line-based navigation scheme is relatively simple
and straight. The problem is how to detect transmission lines
from the complex background. Many related works [7]–[10]
all tried to improve some classic line detection methods
by applying the prior knowledge that transmission lines in
the image are parallel. Although they claim to improve the
accuracy of detection, the ability to cope with the complex
background is still quite limited. In addition, UAVs should not
navigate just by staring at the transmission lines below. They
need a wider field of vision and a more flexible navigation
scheme. From that point, UAVs need be capable of perception
of direction from the projectively distorted image. In the
projection theory, the projection of one spatial direction in the
image plane is defined as the vanishing point (VP). In fact,
VP has been applied to many fields such as robotic navigation
and autonomous driving [11], [12].
Along the electricity transmission corridor, transmission
tower is also considered an important reference to aid in the
autonomous navigation. Many works [13]–[15] were carried
out in terms of real-time and reliable localization of transmission tower. These methods applying traditional machine
learning have to be faced with the design of feature and the
choice of classifier. Their precision and robustness have not
satisfied the requirement of autonomous navigation yet. Since
2012, deep learning technology has achieved a breakthrough
in the field of object detection. Some typical works, such as
Faster R-CNN [16], SSD [17] and YOLO [18] outperform
other traditional methods and achieved an excellent detection
performance. By contrast, these deep-learning-based methods can be trained simply end-to-end. However, they quite
consume the graphics processing units (GPU) resource and
cannot yet achieve the real-time performance in the embedded
system. Thus, it is necessary to test these algorithms and select
the most appropriate one for the practical application and to
address the real-time problem. In addition, there has not been
a transmission-tower-based navigation strategy so far. So, our
work is precisely to fill these vacancies.
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In this paper, we introduce a transmission-tower-based navigation scheme to achieve UAV continuous inspection along
one side of transmission lines. To localize the transmission
tower timely and reliably, we combine the deep-learningbased detection with a fast tracking and call it detectiontracking visual strategy. To decide a precise flight heading
by the only image with perspective distortion, we perform
a transmission line detection and compute their vanishing
point followed by an optimization. For the concrete choice
of detection algorithm, we make a detailed explanation in the
section of experiment. The whole system is finally tested on
a real field environment and achieved a satisfying result.
The remainder of the paper is structured as follows. The
overall navigation scheme and related problems are talked in
Section II. Related experiments and platform are described in
Section III. Finally, the conclusions are summarized in Section
IV.
II. AUTONOMOUS NAVIGATION S CHEME
In this section, we present first the navigation scheme, which
is specifically designed for inspection along one side of transmission lines. Then, we introduced and addressed the two key
issues—real-time and reliable transmission tower localization
and the robust and precise transmission line vanishing point
detection.
A. Navigation Principle and Procedure
Unlike the previous navigation thought, we try to navigate
the UAV by the perspective image since it has a wider visual
field and contains more visual information. Specifically, our
scheme utilizes both the detected transmission tower and
transmission lines. As shown in Fig.1, at the position of
O1 , the camera mounted on the UAV starts to move with a
certain initial viewpoint denoted by the purple triangle. After
the successful detection of transmission tower, we adjust the
camera to make its optical axis z point to the detected tower B.
Next, we compute the vanishing point v of transmission lines.
With respect to the current camera coordinate frame co1 xyz ,
we define the expected flight heading parallel to transmission
lines as an unit 3-vector β, which is deduced from Eq.1
β=K −1 v

(1)

where K is the intrinsic matrix of the camera. The notation
v = (vx , vy , 1)T is the homogeneous form of vanishing point.
During the UAV flies along the expected heading, with
the assistance of the proposed detection-tracking strategy, we
adjust the camera to make its optical axis always point to
the next tower B. The blue triangle along with the coordinate
frame expresses a general state flying between adjacent towers.
When the angle between the camera optical axis and the
expected heading reaches 90◦ , whose camera state corresponds
to the orange triangle, we think that an inspection between
adjacent towers is finished. At the same position, we reset
the camera to the previous expected flight heading, which
corresponds to the purple triangle. The camera reset indicates
that the next inspection between adjacent towers will start
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Fig. 1. Navigation scheme illustration. The circles represent the transmission
towers. The triangles denote the cameras with different positions and viewpoints. The connecting line between adjacent circles represents transmission
lines. The connecting line between adjacent triangles denotes the expected
flight route.

soon. Decomposing the whole long inspection mission into
the successive inspection subtasks between adjacent towers
can adapt to the direction variation of transmission lines.
B. Transmission-tower Localization
To resolve the problem of real-time and reliable transmission tower localization, we combine the tracking with deeplearning-based detection. Tracking algorithm considering the
motion continuity is usually robust in the short term. However,
for the lack of the prior knowledge of object, the tracking
will gradually drift to the background and eventually fail. The
detection, especially the deep-learning-based detection, can be
trained in advance by a large number of samples. Thus, it can
be used to re-initialize tracking when the tracking suffers from
a serious drift. In turn, the rare false detection can also be
recognized according to the motion continuity of object, so
the tracking is not influenced by its false result.
Specifically, we find a effective fusion scheme that can
be implemented on the embedded system with the limited
computational resource. As shown in Fig.2, when a new frame
arrives, we assign it a unique time stamp. Next, the detection
and tracking algorithms are simultaneously executed for the
input image. Upon completion of the tracking, the tracking
result and the corresponding time stamp are together pushed
into the queue with a pre-defined capacity. The update of
the queue indicates a new image capture and processing.
The detection with a high time-cost has to search for the
corresponding tracking result by the time stamp in the queue.
When the central distance between two bounding boxes is
beyond the pre-defined threshold, we think that the tracking
fails. When the central distance between adjacent detection
bounding boxes is beyond the pre-defined threshold, we think
that the detection fails.
For the detection algorithm, we choose the Faster R-CNN
since it is the only algorithm that achieves zero false detection
on our test dataset. The related proof will be given in the
section of experiment afterwards. Compared with the previous
Fast R-CNN [19], a region proposal network that shares
convolutional features with the original Fast R-CNN detection
network is proposed followed by a specific training scheme,
which makes region proposals no longer the bottleneck of
detection system. Among some typical pre-training networks,
we choose the ZF [20] model, which has the shortest runtime
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Fig. 2. Fusion of detection and tracking. The dash line box denotes a queue
with a capacity of thirty frames.
Fig. 3. Illustration of non-linear optimization of vanishing point.

(2 frames per second) simultaneously keeping a high accuracy
rate. For the tracking algorithm, we undoubtedly choose the
state-of-the-art Kernelized Correlation Filters (KCF) [21] for
its robust performance and light computational cost. KCF
proposed an analytic model for sample generation. Such a
fusion scheme significantly improves the robustness of the
navigation system, and its excellent performance will be shown
in the experimental section.
C. Vanishing Point Detection
In order to obtain a precise and robust vanishing point,
the initial solution from linear least-squares is further finetuned by an iterative non-linear optimization. As shown in
Fig.3, Ik denotes the k-th detected straight line segment. e1k
and e2k are two endpoints of Ik and ek is their centroid. The
notation Iˆk , passing through the estimated vanishing point
v and the centroid ek , is considered the ideal straight line
corresponding to Ik . Particularly, the above defined notations
for points and lines are all in the homogenous form. Next, we
define a measurement error εk as the geometric distance from
the point e2k to the line Iˆk , whose form is as follows
εk = dis(e1k , Iˆk ) = dis(e1k , ēk × v)

(2)

where dis(·) is a distance function from a point to a line and
× represents a cross-product operation. The final objective
function minimizes the squared error over samples εk as
follows.
M


X
2
ρ kεk k
(3)
v ∗ = arg min
v

k=1

where k·k is the L2 -norm, ρ(·) is the robust Cauchy loss
function, which improves the robustness of optimization by
limiting amplitude of gradient and has the following form.
ρ(s) = log(1 + s)

(4)

In addition, we apply the Line Segment Detector (LSD) before
conventional Hough transform, which is much effective to
improve the quality of line detection. Another robust strategy
Random Sample Consensus (RANSAC) [22] is employed before the initial estimate for vanishing point. These small efforts
make the vanishing point detection behave extraordinarily
excellent during practical field tests.

D. Measurement of Distance

Although UAV has been able to navigate itself by the detected transmission tower and the computed transmission line
vanishing point, it is not much enough. UAV should yet have a
capability of perception of the distance from transmission line.
A simple but effective method is to compute first the distance
from UAV to transmission tower by the triangulation method.
Unlike the triangulation method used in three-dimensional
reconstruction, we simplify the problem to the planar since
the localization of transmission-tower is not accurate in the
vertical direction. Actually, an accurate horizontal localization
is enough since we just care the horizontal relative distance.
As shown in Fig.4, we split an inspection between adjacent
towers into two sections. The triangulation has to be used in
the second section. The reason is that the viewpoint of camera
varies significantly in short term, which benefits the reduction
of uncertainty of estimate. Specifically, we take as y-axis
the expected flight heading with respect to inertial coordinate
frame. Let the black dotted line represent a ray passing through
both the optical center of camera and the center of the detected
bounding box. Theoretically, these dotted lines intersect in the
position of the second tower. Thus, the angle θ is comprised
of two parts, namely the camera yaw angle relative to the
expected heading and an additional angle computed by the
bias from the bounding box center to the image center. The
flight distance relative to the reference position O1 can be
computed by the available positioning system with a fusion
of vision and GPS. We wrote each dotted line as an straight
line equation αi x − y = −bi , where αi and bi are the slope
and intercept of line, respectively. Finally, we obtain linear
equation set of the form ∆x = b, where ∆ is the coefficient
matrix, x = (x, y)T , b = (−b1 , · · · , −bn )T . Its least-squares
solution is x = ∆+ b, where ∆+ is pseudo-inverse of ∆.
To improve the accuracy of estimate, we add a straight line
equation whenever θ increase by five degrees. The estimate for
distance is just performed at the end of an inspection between
adjacent towers. Next, UAV adjusts it to the expected value
before the next inspection. The effectiveness of this method
will be demonstrated in the experiment.
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Fig. 4. Illustration of non-linear optimization of vanishing point.
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Fig. 6. Precision-recall curve for detection.
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Fig. 5. DJI Matrice 100 quad-rotor platform.

III. E XPERIMENTS AND R ESULTS
A. Inspection UAV Platform
We employ a refitted DJI Matrice 100 quad-rotor platform,
as shown in Fig.5, which is equipped with a pan-and-tilt
camera and two advanced embedded processors NVIDIA TK1
and NVIDIA TX2. TK1 is responsible for communication with
camera and flight controller. TX2 is primarily responsible for
running algorithms. They communicate with each other by a
onboard router.
B. Transmission-tower Localization Test
To train and test deep-learning-based detection algorithms,
we collected images from aerial videos and conducted manual annotation. The annotation for each image contains the
number of objects and the position of corresponding bounding
box—a four-tuple (x0 , y0 , x1 , y1 ) where (x0 , y0 ) and (x1 , y1 )
denote its left-top corner and right-bottom corner coordinates,
respectively. The total 1280 sheets of images were divided
into training and test sets. Their numbers are 1000 and 280,
respectively.
We made a comparison among several state-of-the-art object
detection algorithms, which mainly includes speed, average
precision and the false detection ratio (precision-recall-curve).
Following evaluation details from the PASCAL Visual Object

Classes (VOC) challenge, precision and recall are separately
defined as follows:
TP
Precision =
(5)
TP + FP
TP
(6)
Recall =
TP + FN
where TP, FP, FN correspond to true positive (right detection),
false positive (wrong detection) and false negative (missed
target), respectively. The average precision (AP) is approximate to the area under the precision-recall curve. The runtime,
frames per second (FPS) and the AP are tested on NVIDIA
TX2, as shown in Table.I. Particularly, for the Faster RCNN, ZF and VGG16 represent two different networks of
feature extraction. SSD300 and SSD512 separately correspond
to 300 × 300 and 512 × 512 input resolutions. YOLOv2
corresponds to the 544 × 544 input resolution. As shown in
Fig.6, Faster R-CNN maintains a 100% precision over a fairly
wide range of recall, which outperforms other algorithms. For
other algorithms, there all exist false detection with different
degrees in a circumstance of low recall ratio, which will make
the navigation system seriously unstable. Finally, we selected
the Faster R-CNN (ZF) for its lighter computational cost and
faster runtime.
To demonstrate the effectiveness of detection-tracking fusion, we find a video segment, which shows the detail that the
tracking is re-initialized by detection. As shown in Fig.7, influenced by the intense light, since figure (a), the blue tracking
bounding box gradually drifts off the transmission tower. At
the moment corresponding to figure (d), the central distance
between the blue tracking bounding box and the red detection
bounding box is beyond pre-defined threshold—120 pixels—
the tracking is considered to have failed. Afterwards, UAV
begins to slow down until a stop, which process corresponds
to the images from (d) to (g). Finally, the tracking is initialized
again as shown in figure (h).
C. Vanishing-point Detection Test
In this section, we will show the robustness and precision
of the proposed approach for vanishing-point detection. As
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Fig. 7. Example of detection-tracking visual strategy. The red bounding box represents the result of detection. The blue bounding box denotes the result of
tracking. The red character string beginning with character # and displayed in right upper region indicates the frame number. The cyan straight line segment
as shown in the upper-left region denotes the horizontal pixel errors between the centers of tracking and detection.
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Fig. 8. Results of vanishing-point detection. The red line segments represent the detected transmission lines. The green line segments, intersecting in the
optimized vanishing point, denote ideal lines. The red circle denotes the initial estimate by the linear least-squares. The optimized vanishing point is denoted
by the blue circle.

shown in Fig. 8, this group of pictures were drawn from a
recorded video and corresponded to some typical observation
positions during inspection between adjacent transmission
towers. Benefiting from our distinctive navigation route, the
transmission lines with the sky as background can be observed
clearly, which makes the vanishing point detection more
robust. Even though, the result of line detection still contains
some errors. For example, in the figures (f), (g), (h), some
edges from propeller are mistaken as transmission lines and
participate in the computation of vanishing point. Nevertheless, the optimization is not influenced by these errors since the
robust Cauchy function can limit the gradient amplitude, which
makes iteration not performed towards the wrong direction.

first phased inspection at point C. The sub-interval from B
to C corresponds to the section II introduced in Fig.4. UAV
adjusts to the expected distance at point C and starts the next
phased flight to D after localization of transmission tower and
computation of vanishing point of transmission lines. To have
a clear view, we just drew two typical trajectories recorded by
GPS, which were denoted by the blue and red, respectively.
The velocity of flight is specified as 1m/s allow for the inspection safety. As we have seen, although two flights started with
different initial positions, they both adjusted to the expected
distance at the end of the inspection. Considering UAV the
limited electric quantity, we just tested two flight intervals
along transmission lines, but it is enough to demonstrate the
effectiveness of our method.

D. Comprehensive Experiment
Finally, we tested the whole navigation system comprising
platform and strategy in a real inspection mission. The test
distance is across two intervals, approximate 400m. As shown
in Fig.9, the UAV starts flying from point A, and finishes the

IV. C ONCLUSION
In this paper, we present a navigation scheme based on
transmission tower and vanishing point of transmission lines
for autonomously continuous inspection along one side of
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Fig. 9. Planar view of inspection trajectories.
TABLE I. RUNTIME AND AVERAGE PRECISION
Method

AP

FPS

Faster R-CNN(ZF)
Faster R-CNN(VGG16)
SSD300
SSD500
YOLOv2

89.5%
89.6%
88.9%
89.2%
86.8%

2
0.8
7
2
5.6

transmission lines. To achieve real-time and robust localization of the transmission tower in a embedded system with
limited computational resource, we fuse the deep-learningbased detection with real-time tracking. To search for a most
appropriate detection algorithm, we specially built a data set
for training and test of networks. We finally chose the Faster
R-CNN (ZF) for its light computational cost and outstanding
accuracy. For the tracking, we undoubtedly chose the stateof-the-art KCF, which is likewise famous for high robustness
and low computational cost. Next, to obtain a robust flight
heading, we compute the vanishing point of transmission
lines and optimize it by iteration. The additional Cauchy
loss function effectively handles the exception of gradient
amplitude caused by the noise. To the solve the problem
that inevitably gradually close to the transmission lines during
flying, we estimate the distance from transmission lines by the
triangulation. For a more accurate estimate for this distance,
multiple measurements are taken followed by a linear leastsquares. Finally, we design a platform and test the whole
navigation system in a real field environment, which achieves
a satisfying result.
Our ongoing and future work will focus on the perception
and maintenance of the safety distance in section I as shown
in Fig.4 to further improve the inspection safety.
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