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ABSTRACT

In this paper, we propose a system to detect buried disk-shaped landmines from ground penetrating radar (GPR) and
forward-looking long wave infrared (FL-LWIR) data. The data is collected from a test area of 500m? which was
prepared at the IPA Defence, Ankara, Turkey. This test area was divided into four lanes, each of size 25m length by 4m
width and 1m depth. Each lane was first carefully cleaned of stones and clutter and then filled with different soil types,
namely fine-medium sand, course sand, sandy silt loam and loam mix. In all lanes, various clutter objects and landmines
were buried at different depths and at 1meter intervals. In the proposed approach, IR data is used as a pre-screener. Then
possible target regions are further analyzed using the GPR data. IR data processing is done in three steps such as pre-
processing, target detection, and postprocessing. In the pre-processing stage, bilateral noise reduction filtering is
performed. The target detection stage finds circular targets by a radial transformation algorithm. The proposed approach
is compared with the RX algorithm used widely for anomaly detection. The suspicious regions are further analyzed using
Histogram of Oriented Gradient (HOG) features that are extracted from GPR images and classified by SVM. The same
approach can also be applied in a parallel way where the results are combined using decision level fusion. The results of
the proposed approach are given on different scenarios including different weather temperature and depth of buried
targets.
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1. INTRODUCTION

Antipersonnel (AP) landmines hidden in the ground are frequently used at times of war or conflict, to restrict enemy
movements. Often times, they are not removed even after the conflict is resolved. Most landmines can be functional for
50 years, and if not removed, can have a negative impact on civilian life. The clearance of a minefield is a very
dangerous, costly and complex procedure and should be accomplished with very little human interaction for the sake of
safety.

There are several researches reported in the literature for automated mine detection using different sensors and pattern
recognition techniques [1]-[7], [23]. In these studies, considering the high sensitivity of the mine-cleaning procedures, it
has become clear that one sensing technology is not enough, and several detectors’ fusion is often necessary [8]- [14].
Majority of these algorithms utilize GPR data, which uses the difference in permittivity of the mine and the area
surrounding it. There are also studies that use FL-LWIR data, which are based on the assumption that landmines have
different thermal properties than their surrounding soil. So an indication for the presence of landmines is difference in
local thermal contrast. Therefore, these two imaging modalities have complementary information, and FL-LWIR can be
used in increasing the detection rates of the GPR systems.

Even though Ground Penetrating Radar (GPR) systems can give alarms for buried threats autonomously, it is ultimately
the operators’ responsibility to decide whether the given alarm is a mine or not. To assist the operators, in this work, a
novel sensor fusion framework is proposed where a forward looking long wave infrared (FL-LWIR) camera and a down
looking GPR (Niitek) mounted on the top and on the front of a robotic system, respectively, are used.
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2. LANDMINE DETECTION SYSTEM

In order to detect the landmines with a limited user assistance, a functional automated system should be used. During
the experiments used in this study, an autonomous robot equipped with a forward looking long wave infrared (FL-
LWIR) camera and a down looking ground penetrating radar (GPR) is used as shown in Fig. 1. The GPR is
developed by Niitek (USA). It works at 0.2-7 GHZ frequency range. It records a 60cm wide area at a rate up to
20cm/sec. The panel has 12 channels and it stands 4cm above the ground. The thermal camera is a 8-14micron
forward looking long wave infared (FL-LWIR) camera that records images of size 640x480. It is mounted on top of
the robot at a predetermined angle looking down towards the ground. The scene of data collection as seen from the
visible and thermal cameras as shown in Fig. 2. The test area is first observed by the FL-LWIR and then the GPR.

This system collected data from a test area of 500m?, which was prepared at the IPA Defence, Ankara, Turkey. This
test area was divided into four lanes, each of size 25m length by 4m width and 1m depth. Each lane was first
carefully cleaned of stones and clutter and then filled with different soil types, namely fine-medium sand, course
sand, sandy silt loam (medium-course silt / medium-course sand mix ) and loam mix (fine silt mixed with fine
gravel). In all lanes, various clutter objects and landmines were buried at different depths and at 1meter intervals.
The landmines were designed by an expert soldier; two examples are shown in Fig. 3.
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Figure 1: GPR, thermal and visible cameras mounted on a robot and scanning the lanes with varying soil content.



Figure 2: The scene of data collection from the visible camera on the left, and from the thermal camera on the
right. In the thermal image, disturbed earth appears to have a lighter color.

3. FORWARD LOOKING LONG WAVE INFRARED BASED DETECTION

For forward looking infrared sensor, the goal is to locate any indicators of local thermal contrast, which may be caused
by the differences in heat accumulation of the buried objects or from the presence of disturbed earth. For this purpose,
two methods have been tested: (1) The global RX and the local RX algorithms that are well-known anomaly detectors,

and (2) the circular shape based detection.



The baseline algorithm to detect the contrast difference in FL-LWIR images is an anomaly detector known as the Reed-
Xiaoli (RX) algorithm. Global Reed-Xiaoli (RX) models the image as a Gaussian distribution with mean {i and variance
a2. It computes the distance between the image and a test pixel x as follows:
(x—p?
repx (X) = Yz
In essence, every pixel is tested against the global mean and variance of the image; and the test pixel is called an
anomaly if this distance r is bigger than a threshold.

The local RX is similar to the GRX, however, instead computing the mean and the variance from the whole image, it
takes a two windows and slides them over the whole image as shown in Figure 4 . The region between the inner and
outer windows is considered to be the background. If the center pixel being tested is different than the background, then
the distance is would be large, and the tested pixel is marked as an anomaly.
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Figure 4: The local RX window showing the local background that is taken as the region between the inner and
outer windows. Figure is taken from [16].

In addition to the anomaly detection approach, the shape features can also be utilized to detect landmines form FL-
LWIR images [23][24]. Since we are looking for disk-shaped landmines and have a vertical imaging geometry, the
images recorded should have circular shape structures. The circle detection problem has been extensively studied in
the literature and many different approaches have been developed [20][21][22][23]. These approaches can be
classified as accumulator based and non-accumulator based. Hough Transform (HT) is the most popular accumulator
based method and it is still widely used because of its robustness against noise, clutter, object defects, shape
distortions, etc.On the other hand, this method requires massive memory and excessive computation power. For
efficient detection of a circle, many researches proposed modifications to the HT, [25][26]. In this work we use a
noval, non accumulator based circle detection algorithm that has been previously used for circular structure detection
from aerial images [27]. The main idea behind this method is reducing the search space for circle parameters in order
to reduce the complexity of the algorithm by evaluating limited number of directional integrals, i.e the Radon
Transform in different angles, to detect circles. Since each object is handled separately using simple transformations
and the circles are detected by finding local peaks in transform domain, this new method requires much less memory
and it is less computationally complex than the many of the methods found in the literature.

To test these algorithms, a target detection scenario was constructed as shown in Figure 5. Here, 9 holes were dug at
5, 10 and 15cm and landmines were placed in the first 6 holes. In the first three, landmines had been sitting outside
and were cold; but the next three were recently brought in and buried after being at room temperatures. The
differences are subtle yet visible to the eye. In Figure 6, Global RX results are presented after thresholding. Global
RX is a fast algorithm and does not require any parameters other than the threshold at the very end. A rough
threshold quickly indicates where disturbed earth is evident; however, it marks a lot of regions as anomalies.



Figure 5: A scenario for target detection based on temperature and depth. Holes were digged at 5¢cm, 10cm and
15cm on a rather cold day (5 degrees). Then, landmines were placed on the first six holes, and the last 3 holes
were covered up without placing anything in the hole. (1) Cold landmine placed at 15cm, (2) cold landmine at
10cm, (3) cold landmine at 5¢cm, (4) warm landmine at 15cm, (5) warm landmine at 10cm, (6) warm landmine at
5cm, (7) blank hole at 15cm (disturbed earth), (8) blank hole at 10cm and (9) blank hole at 5ecm. Cold landmine is
a landmine that was at the outside temperature, whereas a warm landmine has been recently buried after being at
room temperature.
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Figure 6: Global RX results after thresholding. GRX is fast and does not need any parameters; however,
threshold selection may be tricky. A rough threshold quickly indicates the regions where disturbed earth is
present.

As opposed to the global RX that computes the mean and variance from all of the image, local RX slides a window
over the image and computes the local mean and variance values. This decreases the area of the anomaly regions as
shown in Error! Reference source not found. and Figure 8. In the local RX, the inner window size was selected as
51 and the outer window was set to 81. Considering the oblique view of the FL-LWIR camera, window sizes were
selected based on the size of the targets in the middle. In Figure 8, the local RX values from Error! Reference
source not found. were thresholded and the threshold was selected to be the 5% of the maximum RX value. Then, in
Figure 9, connected component analysis was applied and the connected components that are smaller than the outer
window size were removed. The centroids of the remaining connected components are shown in Figure 10 as red
dots overlayed on the landmines shown with the ellipses. Red dots falling outside the ellipses are false alarms.



The same scene is also analyzed by the utilized circle detection algorithm. The edges on the binarized image is
detected and for a the projections of each connected component is analyzed to be a circle or not. The results of the
algorithm is shown in Figure 11 where the centroids of the circles are shown.
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Figure 7: Local RX results. The inner window was set to 51 and the outer window was set to 81. Due to the
oblique view, window sizes were selected considering the size of the targets in the middle.
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Figure 8: Thresholding the local RX values. Threshold was set to be the 5% of the maximum RX value.
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Figure 9: Connected component analysis and removal of the small components. The connected components that
are smaller than the outer window size of the RX algoritm were removed.
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Figure 10: Centroids of the connected components are shown in red dots, whereas the locations of the landmines
are shown with the ellipses. Red dots falling outside the ellipses are false alarms.

Figure 11: Centroids of the detected circles.



During this data acquisition, the weather was around 5° Celcius, it had recently snowed and the soil was still wet.
With such weather, we did not see any indication of detecting the actual buried objects or major thermal contrast
resulting from the material properties. The soil was mostly frozen and very hard to even dig. However, any small
disturbance on the surface did bring the wet soil to the surface and showed a clear disturbed earth signature.
Considering that detection by GPR is also not so easy under such frozen soil, these results indicate that disturbed
earth might be a good indicator for landmine detection and LWIR camera can be of help as a preprocessor for GPR.

4. GROUND PENETRATING RADAR BASED DETECTION

The robotic system collected data on this lane using the GPR panel. As a complementary information to the disturbed
earth characteristics of the FL-LWIR detection, the downward looking GPR provided signals from the buried objects.
This GPR data was first processed using the common techniques as described and used in [1]-[6]. It was first filtered
with a median filter to get rid of the GPS interference, and then ground-bounce alignment was applied followed by
ground-bounce removal. Finally, whitening was applied to each time sample to make the deep and shallow time samples
comparable. Each of these steps is illustrated in Figure .
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Figure 12: GPR preprocessing stages. (a) Original GPR data, (b) Ground alignment, (¢) Ground
bounce removal, (d) Whitening. The landmine becomes progressively apparent with each
preprocessing stage. In the last stage, it has a hyperbolic signature.

Following the preprocessing, Histogram of Oriented Gradients (HOG) features were extracted from GPR data [7]. HOG
descriptors explain an image using the histogram of intensity gradients and edge directions. The image is divided into
small overlapping regions, called cells, and the histograms are computed for these regions. The combination of these
histograms represents the descriptor. Further, to improve the accuracy, these locally computed histograms are contrast-
normalized using larger regions of the image, called blocks. In doing so, the descriptors have better invariance to
changes in illumination.



A typical HOG computation is based on 4 steps:

1- Gaussian smoothing is applied if the image is noisy.

2- Gradient values are computed using the two filters [-1, 0, 1] and [-1, 0, 1]".

3- Orientation binning: Orientations are found from the gradient values, and are used to form orientation
histograms.

4-  Block normalization: Larger regions, called blocks, are used to contrast-normalize the histograms. The
histograms when concatenated together form the HOG descriptors.

In this work, VLFeat [17] libraries were used to implement the HOG descriptors. Nine histogram bins were computed
per cell, with angles in the range [-pi,pi]. The HOG features for landmine and background structures are shown in Fig.
13.

Fig 13: (a) Background data, (b) The HOG features for (a), (¢) Landmine data, (d) The HOG features for (c).

GPR data was collected continuously from a lane. Each downtrack run on a line is about 20meters. On several lane data
obtained on various day, certain windows were labelled as mine, background and mine-like-background. For each label
group, 20 windows were selected as training data. HOG features were extracted from these windows and were used in
training an SVM classifier[19]. SVM is a binary classifier which looks for an optimal hyperplane as a decision function.
Therefore, to train a 3-class SVM, one-versus-all strategy was used. Examples of the training data are shown in Fig. 14
and Fig. 15 for all 3 classes.



Figure 15: Examples from the training set for the background and mine-like-background classes.



For testing the classifier, 5 downtrack lane images, previously unseen, which correspond to about 120m of data were
used. In the test scenario, starting from the top-left part of the GPR image, overlapping windows were slided over the
entire image and for each window; firstly, HOG features were extracted and after that these features were classified by
the multi-SVM. The actual landmine positions and the regions marked by the SVM as landmines are shown in Fig. 16.

Fig 16. Detected landmines, green showing the groundtruth data, red showing the results of the detection.

5. EXPERIMENTAL RESULTS

As a last step of the proposed work, the results are obtained by cascaded FL-LWIR and GPR analysis. As stated before,
the suspicious regions detected by FL-LWIR are further analyzed using the GPR data. The GPR and FL-LWIR data are
initially registered. Fig 17(a) show the results of the FL-LWIR detection which is used as a prescreener. Within this
detected region, the results of the GPR data analysis is shown in Fig.17.



(@) FL-LWIR results: the dark region indicated with the yellow arrow is the location of the landmine. Red points
are the alarms found by local RX.
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(b) Green + symbols indicate the location of landmines as a strip. Red points indicate the alarms found by GPR
detection algorithm.

Fig. 17. The FL-LWIR and GPR detection results.



6. CONCLUSION

In this paper, we propose a system to detect buried disk-shaped landmines from the collected GPR and IR data. The data
is collected from a test area of 500m?, which was prepared at the IPA Defence, Ankara, Turkey. The proposed approach
is two-step. First FL-LWIR data is analyzed by two different algorithms to detect disturbances. The detected regions are
further analyzed using Histogram of Oriented Gradient (HOG) features that are extracted from GPR images and
classified by SVM. As a future study, we plan to apply these algorithms in a parallel way where the results are combined
using decision level fusion.
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