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Low-cost quadrotor applied for visual detection of landmine-like objects
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Abstract— This paper presents the use of a low-cost quadro-
tor applied for visual detection of landmine-like objects. Nowa-
days, landmines in Colombia are harmful and even letal
artifacts mostly abandoned in rural areas. A percentage of the
overall number of landmines are hand-crafted and partially
exposed on the terrain’s surface so that they can be triggered.
Based on that fact, we propose an artificial vision approach as
a complementary tool for landmine detection. To this purpose,
we have developed an open-source software package based on
the Robot Operating System (ROS) platform that can be easily:
(i) integrated with a low-cost quadrotor such as the AR.drone
parrot 2.0 and (ii) applied for real-time visual detection of
landmine-like objects (tuna cans). This article describes the
ROS-based package called drone_detection and the experiments
carried out for assessing the detection performance for different
type of terrains and landmine visibility.

I. INTRODUCTION

The procedure of explosive landmine detection and re-
moval is referred to as demining. Several tools have com-
monly included metal detectors [1]-[3], trained animals or
machines that rely on human intervention [4], [5]. Only in
2011 were reported 4.286 victims wordwide, whereas in
Colombia, authorities have reported 10.253 victims since
1990 [6]. Within the Colombian scenario, a large percentage
of these artifacts is mostly abandoned in rural areas and
the military is carrying out an exhausting labour for dem-
ining larger areas and keeping civilians safe [7]-[10]. They
typically use terrestrial platforms that are expensive, require
high-qualified personnel, slow for covering larger areas and
even dangerous in cases where the detection process is
compromised [11]-[14].

This paper presents a step towards the use of small-size
low-cost UAV (Unnamed Aerial Vehicles) as a promising
complementary tool for aerial landmine detection [15]-[18].
Our goal is to evaluate whether visual recognition methods
are reliable for aerial detection of landmine-like objects
particularly within the Colombian context. Since most of
these landmines are hand-crafted using materials such as tuna
cans or plastic bottles, they have to be partially exposed for
being triggered. In this paper, we introduce an open-source
package (drone_detection) based on the Robot Operating
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System (ROS) [19]. The package! contains vision algorithms
that process sequences of images captured by the bottom
camera onboard the UAV (cf. Fig 1b). We have used the
commercial quadrotor AR.drone 2.0 [20], a low-cost UAV
platform equipped with two cameras onboard, data-link and
Inertial Measurement Unit (IMU) sensor.

This article is divided in three main sections. Section
Il briefly details the Guidance-Navigation-Control (GNC)
station which enables the mission control. Section III intro-
duces the methods used for landmine detection and how the
drone_detection ROS-based package can be easily integrated
within the GNC. Section IV describes the experimental
scenarios and presents how the proposed system is able to
operate in difficult terrains with rocky and large grass, dry
leafs and partially buried tuna-cans acting as landmine-like
objects.

II. THE INTEGRATED DETECTION TOOL
A. Parrot AR.Drone 2.0

The Parrot AR.Drone commercial quadrotor [20] is a low-
cost platform with a light structure (mass of 420g) and
a robust mainframe able to resist unexpected crashes. The
drone is equipped with two cameras onboard (one aims to
the ground), an IMU with 3-axis gyroscope/accelerometer
and an ultrasound sensor for measuring altitude. The camera
that aims downward has a field of view of 47.5° with a
resolution of 320 x 240 pixels at 60fps.

In previous work [21], we used the AR.Drone as a testbed
for capturing images of tuna-can objects acting as landmines.
An initial approach for visual detection was introduced and
assessed by varying the flight speed and the altitude of the
drone. In this work, we have integrated the AR.Drone with a
GNC station that automatically manages the visual detection
task.

B. GNC Station

It is basically composed by a laptop running the Robot
Operating System (ROS), which consists of a flexible frame-
work that provides tools and libraries for writing robot
software. Figure 2 shows the architecture of the GNC station.
The modules are ROS-packages coded in C++ programming
language, as described in the following:

o Connection: handles the communication between the

GNC and the drone over the Wi-Fi network by means
of a specific driver developed by Monajjemi et al., [22].
The driver called ardrone_autonomy is an open-source
ROS node that enables the access to the AR.drone

! Available at https://code.google.com/p/uav-detection/



L

Top View 1m

aerial
visual
detection

¥

Base Station
GNC

flight path
(a)

Fig. 1.

sensor data from the GNC station wirelessly (cameras

and IMU).
e Navigation: contains the drone autopilot (high-level
attitude controller). It enables the operator to remotely
teleoperate the drone from the GNC station. This mod-
ule’s features are provided by the open-source ROS
node Tum_ardrone [23].
Detection: uses the OpenCV library [24] for image
recognition, noise filtering, landmine detection, record-
ing live video of the terrain and feedback drone data to
the user in real time (cf. Fig 5). These features are pro-
vided by the drone_detection ROS package developed
in this research.
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Fig. 2. Architecture for visual landmine-like object detection using the
AR .drone.

III. DRONE DETECTION PACKAGE

Figure 3 shows a flowchart describing the modules that
compose the proposed drone_detection package: navigation,
control, detection and record.
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(a) Aerial top view of one terrain covered by the AR.drone, (b) description of the landmine-like object visual detection.
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Fig. 3. Flowchart of the proposed drone_detection ROS-package. This
package depends on the open-source packages described in [25] and [22].

The navigation module allows for reading the bottom
camera of the AR.drone. As shown in Fig. 1b, the detected
object (tuna can) is projected onto the image-plane frame
of reference. The ardrone_autonomy node [22] publishes
a resultant image that has been transformed after estimat-
ing camera rotation and translation. The resulting image
is received from one video stream encoded with 8-bits
YCBCR color space and using the H.263 UVLC codec with
a bandwidth of 10kB per frame. The received image is then
processed by the detection module that identifies whether the
object is a landmine or not.

The Tum_ardrone ROS node contains the control module.
Autonomous flight is based on: monocular SLAM [26],
extended Kalman Filter (EKF) and Proportional-Integral-
Derivative (PID) control strategy. The monocular SLAM
technique has not been used in this research, however, it re-




ceives video frame from the front camera of the AR.drone at
18Hz. This could be useful for autonomous indoor navigation
and mapping. The EKF technique is useful for drone’s pose
estimation based on sensor measurements (IMU, ultrasound)
at 200Hz and feedback the current state of the AR.drone (at-
titude and position) to the PID controller. The PID provides
control commands at 100Hz.

The drone_detection package is composed by two main
algorithms: detection and record. The former contains the
visual approach for post-processing the acquired image and
performing object recognition, whereas the latter saves im-
ages, video and flight data during the mission. The system
also generates a log data file containing key information of
the flight.

A. Detection algorithm

The object recognition task is based on classical vision al-
gorithms [27]-[29] such as noise filtering, image binarization
and morphologic operations. The functions that support these
features are available at [30] and they have been coded within
three main C++ functions named: (i) Navdata_Uload(), (ii)
Image _Upload() and (iii) detection_landmines().

o Navdata_Uload() and Image_Upload(): both are threads
that receive the flight data from the drone. The former
deals with the IMU readings, estimated velocity and
battery level, whereas the latter loads the latest image
received from the drone’s bottom camera.
detection_landmines(): is the core function of the de-
tection module (cf. Fig 3). It carries out the detection
task via three main procedures applied to the acquired
image: (i) noise filtering, (ii) feature extraction and
(iii) classification process. This last one determines
whether the detected object in the image corresponds
to a landmine or not.

Noise filtering

The noise filtering function Image_Filtering() removes from
the image all the objects that do not match the landmine
characteristics. Firstly, the original image is transformed to
a grayscale space for performing binarization and morpho-
logical operations. Secondly, both operations are used for
removing small objects from the image (noise) by means of
applying erosion and dilation processes, as shown in (1) and
(2) respectively.

ASB=)A €]
beB

AoB=JA, 2
beB

Erosion or dilation is applied to the image A, while B
is the morphological element that proceeds. Erosion re-
moves pixels on the object boundaries, while dilation adds
pixels to the boundaries of objects in an image. Once
the erosion operation is applied, we use the function Re-
move_Medium_Objects() to remove medium objects from the
image, i.e, the objects that are smaller than a pre-defined
pixel-size threshold.
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Fig. 4. Transformation process: (a) RGB space to grayscale and (b)
grayscale to binary space. Noise filtering process: (c) image after the use
of the erode() function, (d) image after the removal of medium objects, (e)
image after the use of the dilate() function, (f) output-image after applying
the contours operation.

Figure 4a-b depicts the transformation of the image to
grayscale and binary space. Figure 4c-f details the noise
filtering process: plot c is the resultant image after applying
the erode() function for removing small objects, plot d is the
resultant image after applying the Remove _Medium_Objects()
function for removing medium objects, plot e depicts how
the dilate() function allows for recovering those removed
fragments of the landmine after the erode process, whereas
the plot f is the resultant image with an isolated detected
object.

Feature extraction

The feature extraction function Image_Features() is used
to determine whether the output-image from Fig. 4f matches
with the characteristics of a landmine-like object or not. It
uses the OpenCV matchtemplate() function to compare the
output-image against a template-image of a known landmine
object. A set of indicators that result from that comparison is
used as the first feature. The second feature results of using
the Biggest_Area() function, which computes and compares
the area of the output-image. The third feature corresponds to
the number of pixels contained within a defined percentage
of intensity in each layer of the RGB scale of the image.
The percentage of intensity was determinate by analyzing
the pixels in each RGB layer using different templates of
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Fig. 5. GUI components: (upper-left) image received from the bottom
camera of the AR.drone, (lower-left) navigation data and output-image with
the detected landmine-like object, (lower-right) live video received from the
AR.drone.

landmines as testing elements.

Classification process

The Classification_Process() function enables the detec-
tion algorithm to determine whether the detected and pro-
cessed object finally corresponds to the target or not. It uses
combinatory logic conditions based on error measurements
calculated with the features extracted from the image and
the original features of the template. Figure 5 shows the
resulting image after applying the noise filtering and the
feature extraction functions.

B. Record

It is a simple algorithm that enables the GNC station to
record video using the stills obtained by the drone. The
images are acquired by subscribing the record program with
the camera ROS-topic generated by the ardrone_autonomy
driver. Video is visualized by the user in real-time using the
GUI of the GNC station, as shown in the lower-right inset
of Fig 5.

IV. RESULTS

Outdoor experiments have been carried out to analyze
whether the proposed vision approach could be used as a
complementary tool within a real humanitarian demining
task. To this purpose, two kind of experiments were con-
ducted to evaluate the system performance:

1) Percentage of detection in different type of terrains.
2) Percentage of detection of partially buried landmine-
like objects.

A. Experimental Scenarios

Most of the experiments were carried out in rural locations
nearby Bogota, Colombia. Figure la shows the top view of
one of the terrains covered, corresponding to an average
area of approximately 100m>. More difficult terrains with
larger grass, rocks, and dry leafs were also located in rural
areas similar to those found in the regions of conflict within
Colombia. The main setup for the experiments is described
as follows:
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TABLE I
TYPE OF TERRAINS COVERED BY THE AR.DRONE

Type Teai Description
1 Short green grass
2 Large green grass
3 Large green grass with dry leafs
4 Dry grass
5 Rocky and dry terrain

Five terrain topologies were selected for the outdoor
experiments, as shown in Table I.

Tuna cans acting as landmine-like objects were placed
along each type of terrain.

The data reported in this paper was acquired during
30 days of experiments. Uncertainties such as sunlight
changes and wind speed variations were taken into
account.

The average drone flight speed was 0.3m/s with an aver-
age flying altitude of 1m. Both values were determined
in previous work [21].

Images are captured by the AR.drone at a rate of 15Hz
and processed in the GNC station in real-time (250ms).
The entire detection process is carried out automatically.

The percentage of detection is measured by obtaining the
Receiver Operating Characteristic (ROC) curve, which it is a
basic classifier that defines the fraction of true positives out
of the overall real positives (TPR = true positive rate) and
the fraction of false positives out of the overall real negatives
(FPR = false positive rate), as shown in Eq. (3),

- FPR— TN
"~ TP+FN’ ~ FP+TN

where (TP) is the number of true positives, (FN) false
negatives, (TN) true negatives and (FP) false positives. The
ROC curves obtained for the forthcoming experiments were
calculated using Eq. (3) with an overall of 7683 sampled
images.

TPR PR

3)

B. Experiment 1: different type of terrains

Figure 6 shows a collection of stills captured during the
experiment. The results reported in Fig. 7 show that the
terrains with the higher percentage of detection (> 88.24%)
correspond to the types: 1, 2 and 5 (cf. Table I). For instance,



Fig. 6.  Stills captured by the AR.drone during experiments (1) and (2).
Plots (a) — (f) depict how the proposed system is able to detect partially
buried tuna cans distributed in different type of terrains (True Positives).
Plots (g) — (i) show typical failures of the system corresponding to (FP)
and (FN) respectively.

dry terrains with leafs have turned out to be difficult scenarios
for performing an accurate visual detection. Based on the
numerical data, the percentage of detection corresponding to
the terrain types 3 and 4 is around 73%. The reason to that is
related to the brightness of the rocks and the dry leafs, which
are mostly within the brightness range of the image template.
Numerically, the minimum intensity percentage that must be
satisfied for each pixel of the image is 69.5% in green scale,
75% in blue scale and 75.5% in red scale. These values were
determined experimentally.

C. Experiment 2: partially buried landmine-like objects

In this test, the landmine-like objects were placed: visible,

which corresponds to a range of visibility between 71% and
90% of the object on the surface, and partially visible, which
corresponds to the range between 30% and 70%. Therefore,
the minimum threshold-visibility allowed by the detection
algorithm is about 30%. Figure 6a shows a partially visible
object with 30% of visibility.
Figure 8 shows the corresponding ROC curve for this test.
On average, the detection algorithm enables a percentage
of detection of 87% for visible objects. However, when
the object visibility is less than 70%, the number of false
negatives (FN) increases, i.e, the detected object is classified
as a potential landmine, but at the end, it turns out to be
another object.

V. CONCLUSIONS

Based on the results reported in both Fig 7 and 8 one can
note that the numerical values are concentrated at the top
left-hand border of the ROC space, which demonstrates the
accuracy of the tests. Accuracy is measured by the area under
the ROC curve: an area of 1 represents a perfect test, whereas
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0.5 represents a worthless test. On average, the percentage of
detection for partially buried landmines-like objects at any
of the terrains (70% of visibility) is about 80%. One key
aspect for achieving this result is due to the feature extraction
process that classifies the intensity of the object in each RGB
layer of the image.

The AR.drone is an affordable platform that can be easily
used by everyone. It offers many benefits in terms of usability
but constrains the development of more sophisticated visual
algorithms due to the lack of computing resources. Despite
the detection process still has some issues with objects that
have similar size and intensity compared to the features of
the template, our system is able to operate in complicated
scenarios with similar characteristics to those found in a real
demining problem in Colombia.

In order to improve the detection for different land-



mine morphologies, we need to analyze how the change
in brightness can be identified within the algorithm and
how to compensate these changes during the classification
phase. Also, new object’s templates with different shapes
and materials should be added to the database for enhancing
the feature extraction phase of the algorithm. We encourage
researchers to download the ROS package available at [30]
and to provide feedback that enhances the visual detection
methods without compromising the real-time response of the
system.

Current work is oriented towards the integration of image
mosaicing techniques for mapping the entire covered terrain.
Also, geo-localization methods based on GPS data will
allow for referencing the position of each detected landmine
object within the assembled map. Furthermore, more pre-
cisely sensing devices able to detect fully buried landmines
will be added to the system, such as Ground-Penetrating-
Radar (GPR). Unfortunately, the AR.drone does not have
enough payload capacity for carrying a GPR, however, the
detection ROS package presented in this paper could be
easily extended to other drone platforms with more payload.
Our mid-term goal is to embed these sensing technologies
onboard a quadrotor with larger payload capacity and to
provide a safer and ready-to-use autonomous system that can
be easily adapted as a complementary sensing tool within a
real humanitarian demining mission.

APPENDIX: INDEX TO MULTIMEDIA
EXTENSIONS

The video link accompanying this paper illustrates the
AR.drone covering one 0%) the described terrains while per-
forming autonomous detection of llzartially visible tuna cans
acting as hand-crafted landmine-like objects.
https://www.youtube.com/watch?v=hdfgiAXplYc
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