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Abstract. Despite the tremendous number of landmines worldwide, ex-
isting methods for landmine detection still suffer from high scanning costs
and times. Utilizing ubiquitous thermal infrared satellite imaging might
potentially be an alternative low-cost method, relying on processing big
image data collected over decades. In this paper we study this alternative,
focusing on assessing the utility of resolution enhancement using state-
of-the art super-resolution algorithms in landmine detection. The major
challenge is the relatively limited number of thermal satellite images
available for a given location, which makes the possible magnification
factor extremely low for landmine detection. To facilitate the study, we
generate equivalent satellite images for various landmine distributions.
We then estimate the detection accuracy from a naive landmine detector
on the super-resolution images. While our proposed methodology might
not be useful for anti-personal landmines, the experimental results show
a promising detection rates for large anti-tank landmines.

1 Introduction

There exist millions of anti-tank and anti-personal landmines covering 100s of
square km around the world in more than 70 countries [1]. They are mostly active
with an average number of 10 casualties per day, four of which are children [1].
Such tremendous scale significantly complicates the landmine demining process,
making the cost excessively high (global yearly donations reached $600 millions
in 2015 [1]).

With the availability of big satellite imaging data, a new possibility to ex-
tract landmine information emerges, with almost no-cost. In particular, the US
Global Survey (USGS) [2] provides a 40-years worth of global thermal images,
freely accessible. While such coarse-resolution images are not directly usable for
landmine detection, the large volume of images can potentially be used to en-
hance the resolution using super-resolution reconstruction algorithms, and hence
allowing for landmine detection from the enhanced images.

There exist many challenges beside the low spatial resolution of satellite
images which increase the difficulty of the detection process such as the existence
of corrupted images by having strip-lines caused by the failure of Landsat 7’s
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Scan-Line Corrector in 2003 (SLC-OFF). Also, the satellite images are non-
homogeneous, where each image was captured by a different satellite, carrying a
different sensor, and at a different time of the day. The objects are pictured from
different angles and different satellite orbits at different atmospheric conditions
and cloud coverage levels. Additionally, there is the probability of a shift in object
location due to non-linear land shape. Besides the challenges related to remote
sensing data (satellite images), the soil where the landmines are buried might
pose some limitations on infra-red (IR) landmine detection such as the following:
the soil type (sand or clay) and the existence of vegetation, the soil water content
where (the thermal signature is larger in moist soils than wet soils), the height,
horizontal size, depth of the landmines [3]. Thus, IR based landmine detection
techniques are useful only for arid climates with soil not covered by vegetation.

We focus on the spatial resolution problem in the satellite images, based on
our belief that the low spatial resolution is the most fundamental challenge to
start with before dealing with other issues. This paper conducts a simulation
study to this problem to empirically assess the utility of the detection process
from the available cost-free satellite images. The paper has the following contri-
butions:

1. Constructing a simulation test bed to generate satellite-like low resolution
images with the same landmine participation per pixel as typical landmine
fields (considering only anti-tank (AT) landmines).

2. Evaluating state-of-the art super-resolution algorithms in terms of peak
signal-to-noise ratio (PSNR) and mean square error (MSE), from the gener-
ated images, and detecting landmines using a threshold-based process (where
an object covers only a fraction of a pixel).

3. Estimating the landmine detection accuracy for different landmine densities,
and assessing the potential of using the ubiquitous thermal satellite images
in the field of thermographic landmine detection.

The rest of this paper is organized as follows: Section 2 discusses related
work. Section 3 explains our approach and the experimental setup. Section 4
presents the experimental results. Finally, Section 5 concludes the paper and
discusses future work.

2 Related Work

This section overviews the related studies to landmine detection based on ther-
mographics, followed by a brief summary of super-resolution image reconstruc-
tion techniques.

2.1 Thermographic Landmine Detection

The variety of landmine types and sizes leads to different landmine detection
techniques [4], most of them consist of three parts: Ground sensing, processing
collected signals, and decision making parts. For the ground sensing part, ground
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penetration radar (GPR), IR, and ultrasound (US) sensors are used [5]. For
processing collected data and decision making parts, a set of image processing
techniques are used for image preprocessing, such as noise reduction and filtering,
segmentation and feature detection techniques [6]. The main concept of using IR
techniques is based on the fact that landmines have different thermal properties
than the surrounding materials, which are especially emphasized in dawns and
sunsets, when extreme temperature changes occur. Experimental work based on
IR thermographic landmine detection are surveyed in [6–8].

Many studies were done to increase the potential of landmine detection based
on thermographic picturing; a model based on studying the time distribution of
heating and cooling cycles of the soil with a buried landmine was proposed by
Alberto and Mauro [9]. The authors have defined a mathematical model of
soil with a buried landmine, aided by indoors experiments that studied heating
and cooling cycles with reduced land volume and duration. The referenced data
acquired in the laboratory were found to be comparable to realistic, on-field,
tests by simply stretching the space and time scales.

Another study of the ground variation including motion of the landmines, as
well as, changing landmine depths was proposed in [10]. In [11], the authors aim
to enhance the detection accuracy by increasing the detection rate and reducing
the false alarm rate in the detection process with different landmine depths. They
suggest that the use of one sensor is insufficient for landmine detection and that
a single sensor could result in a high false-alarm and low detection rates. They
proposed a system that fuses the data from three sensors with different types:
an infrared camera, a ground penetrating radar and a metal detector.

Our proposed approach augments related work in extending the scanning
scale through improving IR image resolution; related work can then be applied
on the enhanced images.

2.2 Super-Resolution Techniques

Generally, super-resolution (SR) reconstruction algorithms have three stages:
1) image registration stage, to estimate the relative motion between images; 2)
interpolation to high resolution grid stage, to construct a high resolution image;
and 3) restoration stage, to remove blur. Details for typical SR algorithms are
elsewhere in the literature [12–16].

The performance of most super-resolution methods is affected by several
factors; these include the observation conditions, which include how fine the Low
Resolution (LR) images are, the number of available images, and the number of
bits per single pixel. Another factor is the motion estimation process. The exact
motion estimation between LR images is very hard to obtain. Some techniques
use the Bayesian approach to solve this problem and estimate the transition and
rotation parameters.

In general, prior image modelling is generally sought for constructing the
high resolution image. Many image priors have been introduced in the literature
and analyzed. Image estimation using non sparse Simultaneous Auto Regressive
(SAR Prior models) [17] is known to over-smooth edge regions. Priors based on
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the l1 norm of vertical and horizontal first order differences of image pixel values
is introduced in [18]. In [19], the authors estimate the registration parameters
based on Total Variational (TV) Bayesian analysis. Some methods tend to com-
bine a set of prior models to obtain the most robust model: in [20], Villenaet al.
apply a combination of the sparse TV and l1, and the non-sparse SAR image
prior models. The authors claim that this prior combinations utilize the ability
of the sparse priors to recover image edges without over-smoothing inner regions,
by combining them with a smoothness promoting prior model. We consider these
different SR reconstruction techniques to assist the analytical part of our work.

3 Approach

This section introduces our methodology to assess the potential of using cost-
free thermal satellite images to detect landmines. It explains how to construct
satellite-like test images that simulate the real satellite images. We rely on well-
known image processing algorithms to generate a realistic landmine field image,
generate satellite-like LR images, reconstruct SR enhanced images from the LR
ones, and finally generate landmine maps. Figure 2 illustrates our approach,
which will be detailed in the following subsections.

3.1 Realistic Thermal Minefield Image Generation

This section explains our methodology of generating satellite-like LR images
with varying landmine densities.

Minefield Generation Our experiments rely on the minefield deployed in [21],
where two groups of landmines were buried in the sand with 10cm to 15cm
depths, for different time intervals, each containing one AT landmine and two
AP landmines. We used the image of this minefield to generate a much larger
field. First, the perspective distortion in the image was corrected such that after
correction the landmine bounding boxes appear to be approximately squared
with side lengths of 15 pixels. Then, a part of the background area was taken
from the image and used as the seed to generate a large field of 6k × 6k pixels,
using Efros and Leung’s texture synthesis algorithm [22].

Finally, the images of the two AT landmines were placed at random locations
in the background image to realistically generate our minefield (Figure 1). Given
that the bounding box of an actual AT landmine has the side length of 75cm, the
generated minefield in our experiments corresponds to an area of 300m×300m.
We refer to the generated large 6k × 6k pixels image as the High Resolution
(HR) image.

In order to obtain the ground-truth landmine locations in the the generated
minefield, the HR image is reduced in size by a factor of 15, such that a landmine
occupies only one pixel of the reduced image. Then, the image is thresholded
manually to detect all landmines locations.
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(a) HR- generated image (b) Ground-truth landmine map

Fig. 1. Sample of the generated HR-images and corresponding landmine map

Finally, the 6k × 6k pixels image is downscaled to 60 × 60 pixels, to be the
input of the LR generation step. The choice of the size 60× 60 is to match with
the maximum magnification possible for the available satellite images, as will be
clarified in Section 3.3.

Varying Landmine Densities According to the International Mine Action
Standards (IMAS) [23], a typical minefield could contain landmines with or
without a pattern. A typical pattern of landmines (if a pattern is deployed) is
to have both AT and AP landmines laid in clusters, with a 5-6 meters between
clusters along one direction and 10-100 meters along the (roughly) orthogonal
direction. Each cluster holds one AT landmine and three AP landmines. Accord-
ingly, our generated minefield of 300m ×300m could contain approximately 150
to 1800 landmine clusters. We generate minefields of different landmine densi-
ties within this range. Precisely, considering only AT landmines, our generated
minefields contain either 100, 200, 300, 400, 600, or 800 AT landmines. However,
the landmines in our generated fields are placed in random locations without
following a particular pattern.

3.2 LR Images Generation

The USGS provides thermal satellite images with resolutions of 60m, 100m, or
120m per pixel, depending on the Landsat mission. In our evaluation, we assume
a single intermediate spatial resolution of 100m per pixel, and keep handling
multiple spatial resolutions for future extensions. Thus, an area of 100m× 100m
will be stored in 1 pixel. Given that our generated landmine field represents a
300m× 300m area, the corresponding Landsat-like LR images will be only 3× 3
pixels.

Going from the generated 6k × 6k pixels field to the reduced 3 × 3 pixels
LR image size is not a mere scaling down operation. The generated LR images
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must be different from one another. Otherwise, enhancing the resolution becomes
impossible. To generate multiple LR images from a single HR image, we adopt
the observation model of [12].

We deployed this model to generate 500 different LR images, from our test
landmine field, by randomly varying the warping parameters. The number 500
was chosen to approximately match the number of thermal Landsat images we
found for our focus area of Al-Alameen in Egypt.

3.3 Landmine Map Generation and Detection

As illustrated in the right part of Figure 2, this process contains three main
steps: SR image reconstruction, feature extraction, and finally landmine detec-
tion, which are explained in detail below.

SR Image Reconstruction Starting with only 500 LR images with a spatial
resolution of 100m per pixel, we could reconstruct a SR image with a spatial
resolution 5m per pixel. Considering the dimensions of our minefields, this mag-
nification factor results in a SR image of 60× 60 pixels. Thus, an AT landmine’s
participation in a pixel of the reconstructed SR image is only around 1.77% (as-
suming a circularly shaped landmine with diameter 0.75m). This is considered
a poor participation factor whose effect on the pixel intensity is hardly distin-
guishable from noise, except possibly for landmines with significantly different
thermal energy reflections from their surrounding backgrounds.

Feature Extraction The feature extraction stage is an important step for
detecting landmines in thermal satellite images with high spatial resolution.
This stage can be designed to make the thermal profile of landmines easily
distinguishable from their surroundings. However, in our case, the landmine
participation in a pixel is very low in the reconstructed SR image, which makes
the landmine shape unrecognizable. Therefore, we just use the raw intensity
values as features. It is worth noting that the soil surrounding landmines might
appear either darker or lighter, depending on the time in the day in which the
thermal images are taken [9]. However, in this paper, we consider only the
case of day-time imaging, where landmines typically appear darker than their
surroundings. Actually, all the images we found for our focus area of Al-Alameen
in Egypt were taken between 7 and 8 am (local time).

Landmine Detection As we explained above, we directly use the raw intensity
values as features. Our detection algorithm simply applies a threshold to identify
pixels containing landmines from those that do not. Particularly, pixels contain-
ing landmines are expected to be darker than their surroundings. We apply a
threshold and report pixels below it as possible landmine locations.
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Fig. 2. The proposed evaluation pipeline: The left part illustrates the process of real-
istically generating LR images. The right part illustrates the process of landmine map
generation

4 Experimental Results

This section explores how far we could benefit from cost-less thermal satellite im-
ages in landmine detection. In particular, the following two experimental studies
were conducted: (1) Comparing the quality of the reconstructed SR images using
the state of the art super-resolution techniques in terms of Peak Signal to Noise
Ratio (PSNR) and Mean Square Error (MSE), (2) Evaluating the accuracy of
our simple detection methodology at different minefield densities.

4.1 Evaluation of SR Techniques

This section compares the reconstructed SR images using different super-resolution
techniques. Figure 4.1 shows a sample of the resulting SR images (for density
of 600 landmines/image), reconstructed using different standard SR techniques,
and Table 1 lists the reconstruction qualities, measured in PSNR and MSE, of
the resulting images for minefield densities of 600 and 800 landmines per image.
The best reconstruction quality is obtained by the TV Prior algorithm. How-
ever, even the best performing algorithm does not achieve a good PSNR value
the results indicate a poor PSNR of the reconstructed SR images. In Section 4.2,
we explore how far we could benefit from the low quality reconstructed images
in landmine detection.

Table 1. SR reconstruction quality measurements

SR
Techniques

PSNR MSE
600 landmines 800 landmines 600 landmines 800 landmines

TV 28.3 26.8 0.0014 0.002
L1 norm 28.2 26.9 0.015 0.002
SAR 25.7 22.4 0.0031 0.006
TV-SAR 27.8 26.6 0.0016 0.0021
L1-SAR 27.9 26.4 0.0016 0.002

4.2 Detection Accuracy Assessment

This section discusses the ability of our proposed methodology to truly predict
landmines, and compares our system’s accuracy with the accuracy of a random
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(a) Original im-
age

(b) Generated LR
samples

(c) SAR Prior (d) l1-norm

(e) TV-prior (f) l1 -SAR (g) TV-SAR

Fig. 3. SR image reconstruction using different SR enhancement algorithms.

guesser. The random guesser assumes that each location in the map has a 50%
chance of containing a landmine and 50% chance of being free of landmines.

Figure 4 shows the detection accuracy of the proposed methodology, in terms
the of F1-score, which is defined as:

F1score =
2 × Precision × Recall

Precision + Recall

where

Precision =
TP

TP + FP

and

Recall =
TP

TP + FN
.

where TP, FP, and FN represent the numbers of true positive, false positive, and
false negative detection values at a given threshold level, respectively.

Table 2 lists the F1-score values at different landmine densities. Two F1-score
values are reported for the system for each landmine density: one value represents
the maximum F1-score, which corresponds to the best detection threshold; and
the other value represents the average F1-Score over all possible thresholds,
which corresponds to the case in which the best threshold is not known. The
system consistently achieves better scores compared to the random guesser. This
indicates that despite the low quality reconstruction and despite the low number
of available images, the reconstructed images contain information about the
buried landmines even if the best detection threshold is not known.
5 Conclusions

This paper represents an important step of indoors analysis for landmine de-
tection. In contrast to other indoors analyses available in the literature, the
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Table 2. Comparing proposed detector behavior with random guesser

Minefield density
Proposed system

Guesser
Avg. Max.

100 landmine 0.084 0.229 0.053
200 landmine 0.124 0.192 0.101
300 landmine 0.180 0.276 0.147
400 landmine 0.215 0.309 0.183
600 landmine 0.296 0.360 0.248
800 landmine 0.362 0.426 0.309

Fig. 4. F1-score at varies minefield densities

presented study here is simulation-based, in which a realistic high resolution
thermal image of a minefield was generated, from which many low resolution
images were derived to represent freely-available thermal satellite images. A
super-resolution image is then constructed from the low resolution images, and
landmine detection was performed on it using a simple thresholding-based tech-
nique. The experimental results showed that the state of the art super-resolution
algorithms did not produce high quality reconstructed image. Nevertheless, the
simple landmine detector on the reconstructed images consistently performed
better than a random guesser. Therefore, when more satellite images are avail-
able, better super-resolution algorithms are developed, and more sophisticated
landmine detection algorithms are deployed, detecting landmines from free ther-
mal satellite images can be a reality. While our results are not necessarily useful
for AP landmines due to their small sizes, they are very promising for large AT
landmines.
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