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Abstract We investigate the reconstruction of an environmental scalar field
using robotic mobility and heterogeneous sensing. Using two land-based, im-
mobile, co-located spectrally selective cameras, and a non-contact infrared-
based temperature sensor on a quadcopter, we study the problem of recon-
structing the surface temperature of the ground under survey. Both land units
— a thermographic camera for low-resolution thermal images and a commer-
cial digital camera for high resolution truecolor images — are mounted on
an elevated camera rig. We explore methods for field reconstruction using a
combination of the three imaging sensors. First, we show that the quadcopter
data is correlated with the synoptic snapshots obtained by the thermal imag-
ing camera. Next, we demonstrate upsampling of the low-resolution thermal
camera data with truecolor images. This results in high-resolution reconstruc-
tion of the temperature field. Finally, we discuss adaptive sampling techniques
that utilize the mobility of the quadcopter to ‘fill the gaps’ in data acquired
by the thermal imaging camera. Our work experimentally demonstrates the
feasibility of heterogeneous sensing and mobility to effectively reconstruct
environmental fields.

1 Introduction

Fast sampling of terrestrial environmental fields is of importance for various
studies. In this work, we address rapid sampling of environmental fields us-
ing static and mobile imaging sensors. Specifically, we demonstrate effective
reconstruction of the surface temperature field of a patch of vegetation. Ac-
curate monitoring of surface temperature is desirable for atmospheric bound-
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ary layer studies over complex terrain [1], to cite one example. We describe
an experiment where the surface temperature of a region is observed with
images from a land-based thermal imaging camera augmented with true-
color images from a parallel-mounted commercial digital camera. In addi-
tion, a downward-facing non-contact infrared temperature sensor mounted
on a quadcopter serves as a mobile sensing platform. The land-based ther-
mal imaging camera is mounted at an elevation along with the truecolor
camera, providing snapshots of the surface temperature and high resolution
true-color images respectively. The quadcopter serves as a fast aerial obser-
vation platform, allowing rapid sampling of surface temperature using its
downward-facing temperature sensor. This provides both speed and flexi-
bility compared to land-based observation platforms such as robotic rovers.

Fig. 1: Illustration of the experimental setup
to sample the surface temperature of a patch
of land.

This work has three goals: a) in-
vestigate upsampling of the ther-
mal camera data using high resolu-
tion truecolor images from the digi-
tal camera, b) compare the temper-
ature data acquired by the quad-
copter with the synoptic thermal
image captured from the thermal
camera, and c) to explore adaptive
sampling strategies that use the syn-
optic data from the thermal cam-
era to guide the quadcopter to re-
gions of high prediction uncertainty.
Our goal is to demonstrate syner-
gistic use of mobile and static sen-
sors for rapid characterization of en-
vironmental phenomena. Such a ca-
pability is necessary when there are
constraints on the use of land-based imaging sensors resulting in sparse data.
This can happen due to long distance between test site and the land-based
camera, or insufficient elevation of the camera rig. By using mixed sensing,
we can reconstruct the temperature field at a resolution higher than that
provided by the individual sensors.

The paper is organized as follows. In Section 2 we briefly describe related
work. In Section 3, we lay the groundwork for the analysis of the experimental
data by describing our technical approach. In Section 4, we describe our field
setup followed by analysis of the data from the field trials. We conclude with
a summary and discussion of future work in Section 5.



2 Related Work

Ecological monitoring of large farmlands using UAVs has been studied for
rapid mapping and classification of vegetation [2]. Adaptive sampling for
environmental monitoring has been investigated in the context of intelli-
gent placement of static sensor nodes [3], and informative paths for mobile
aquatic platforms [4, 5]. Upsampling of multimodal remote sensing images
has been explored to fuse low-resolution hyperspectral images with high-
resolution truecolor images [6]. Our work presents an agile setup that pro-
vides a quick reconstruction of the environmental field in a region by use
of selective spectral-cameras operating at different resolutions, aided by the
mobility of a quadcopter.

3 Technical Approach

Our goal is to investigate the use of mixed sensing in the form of static land-
based cameras and a quadcopter to rapidly sample the surface temperature of
a terrestrial patch of vegetation. We will first describe the land-based camera
rig and the quadcopter, followed by a discussion of unwarping and correction
of the thermal and truecolor images. We then describe the three contributions
of this work for mixed sensing field reconstruction: a) upsampling of thermal
images using high-resolution truecolor images (Subsection 3.3), b) comparison
of quadcopter data with land-based camera images (Subsection 3.4), and c) an
adaptive sampling scheme for the quadcopter to augment land-based sensors
(Subsection 3.5).

3.1 Sensing apparatus

Fig. 2: The camera rig consisting of a thermo-
graphic camera and a digital truecolor camera
mounted on a pan-tilt head.

The sensing apparatus consists of
three imaging sensors, two mounted
on a land-based camera rig, and
one mounted on a quadcopter. The
camera rig consisted of an FLIR
A320 thermographic camera with
a resolution of 640x480 and a
CANON 300D digital camera, both
mounted on a tripod head, trig-
gered by a computer to simultane-
ously capture truecolor and ther-
mal images of the survey site.
The aerial platform was an As-
cending Technologies Hummingbird



quadcopter. It used its onboard computer to log data from a non-contact IR
temperature sensor at a rate of 5 Hz along with GPS data at 1 Hz. We chose
an IR-based temperature sensor so that the quadcopter would share a simi-
lar modality with the thermographic camera. A human operator maneuvered
the quadcopter via remote control. The IR sensor captured the emitted IR
radiance from a 10 degree view of field. Hence the temperature captured by
the sensor was dependent on the height from the target. However, in this
work, we did not model the sensor properties, and ignored the height of the
quadcopter in flight.

3.2 Image unwarping and correction

Fig. 3: The quadcopter in-flight with the
downward looking infra red temperature sen-
sor.

We first explore fusion of the ther-
mal and truecolor images for quick
inspection of the scene. Since the
thermal and truecolor cameras are
mounted at an elevation, generating
a perspective view of the scene, we
compute perspective transforms to
unwarp the truecolor and thermal
images. First, we manually marked
four landmarks in the thermal image and the truecolor image. We selected
corners of man-made structures such as metal electric poles and concrete
slabs because these were easily recognizable in both the thermal and true-
color images.

Next, we must ensure that all data shares a common frame of reference. We
proceed by transforming all images to the Earth’s coordinate frame, with an
approach similar to that used during the image unwarping step. Landmarks
in the thermal and truecolor images are used along with landmarks in a
satellite truecolor image of the scene obtained from commercial map servers
(e.g., Google Earth). The transformation was computed using the OpenCV
library. Once a perspective transformation matrix is computed, we obtain
the unwarped data points z = [x, y, t]T , where x is the longitude, y is the
latitude, and t is the color value of the pixel that was unwarped.

3.3 Upsampling

To demonstrate upsampling of sparse thermal data using dense truecolor
data, we subsample a sparse set of points from the unwarped thermal camera



image along with the corresponding truecolor pixel values1. Our goal is to
learn a model that predicts surface temperature at unobserved locations using
the truecolor data. The underlying assumption is that surface patches with
similar color will have similar temperature.

Gaussian process regression

We use Gaussian process regression (GPR) [7], a nonlinear Bayesian regres-
sion technique commonly used in geostatistics under the name ‘Kriging’. It
assumes that the samples from the function to be estimated are normally
distributed with the covariance between samples given by a ’kernel’ or co-
variance function. We consider the case where the observations are unbiased,
that is, the mean of the joint Gaussian distribution is zero. This can be sim-
ply satisfied by ’demeaning’ the observed data. As a result of its formulation,
GPR automatically achieves model regularization from data only, without
having to choose model complexity parameters a priori. Additionally, GPR
is defined completely by a kernel function that controls how quickly the in-
put space becomes decorrelated. This enforces smoothness constraints in the
trained function, ideal for spatial models where usually the observed values
for nearby input samples are more correlated than the ones farther apart.

Assume we have training data given by D = < x1, y1 >, ..., < xn, yn >,
drawn from the noisy process,

yi = f(xi) + ε (1)

where ε is a Gaussian noise term.
Given the training data, posterior mean and covariance for a test data

point x∗ is given by the following equations,

GPµ = k∗(K + σ2
nI)−1y (2)

GPΣ = k(x∗, x∗) + k∗(K + σ2
nI)−1k∗ (3)

The kernel function k is usually chosen to be a squared-exponential function
given by,

k(xp, xq) = e−
1

2λ2
|xp−xq|2 (4)

where λ is the decorrelation length scale. The hyperparameters for the kernel
function can be learned using iterative methods such as conjugate gradient
descent. K is the Gram matrix with its elements given by Kpq = k(xp, xq),
I is the identity matrix, and k∗ is the vector of covariances between the test
data point and the training data points.

To apply the GPR model to upsample thermal image data, let us consider
the unwarped pixels from the truecolor camera given by the vector Xtc =<

1 computed using a nearest neighbor search with the thermal camera data points



Lontc, Lattc, Rtc, Gtc, Btc >. We use nearest neighbor search to obtain a
training dataset of thermal camera image data points and their correspond-
ing truecolor pixel data. This is given by Xtrain =< Lon,Lat,R,G,B >,
and Ytrain = T . Now, we use GPR to learn a function f that maps predic-
tion points Xtest =< Lontest, Lattest, Rtest, Gtest, Btest > where Lontest and
Lattest are the longitude and latitude of unobserved locations, and Rtest,
Gtest,and Btest are the RGB pixel values from the high-resolution images
captured by the truecolor camera corresponding to the query points.

3.4 Comparison of quadcopter and thermal camera data

To investigate the feasibility of using a quadcopter along with a land-based
thermal camera, we need to compare the data obtained by the two sensors.
Linear interpolation on the quadcopter sensor data on a regular grid im-
mediately reveals visual similarity with the thermal imaging camera data.
However, for a quantitative comparison of the two datasets, we compute the
Pearson correlation coefficient for quadcopter data and the co-located ther-
mal camera data calculated using nearest-neighbor search on each quadcopter
data point. The Pearson correlation coefficient is given by,

R =

∑n
i=0(xi − x̄)(yi − ȳ)√∑n

i=0 (xi − x̄)
2 ∑n

i=0 (yi − ȳ)
2

(5)

where x and y are the two sensor data streams being compared. Higher values
of R indicate a stronger correlation.

The imaging sensors on the thermographic camera and the IR sensor on
the quadcopter are not cross-calibrated at the outset. For calibration, we
choose a 440 sample data window (90 seconds) of the quadcopter data that is
highly correlated with the thermal camera data (R>0.8) and use it to learn
a linear mapping from raw quadcopter data to corrected quacopter data,
given by, tcorr = a1t+ a2, where t is raw quadcopter data point, tcorr is the
corrected data point, and a1 and a2 are regression coefficients.

3.5 Adaptive sampling with quadcopter

Fig. 4 illustrates the sparsity of data away from the thermal camera once the
acquired image is unwarped. This effect is more pronounced when the camera
rig is farther away from the test site, or not highly elevated. This scenario
will be common in unstructured environments. Also, there are sections of the
thermal image (the vertical corners) without any data points. Our goal is to
investigate field reconstruction that takes into account the uncertainty of esti-



mates from the thermal camera data as a result of data sparsity. We propose
greedily collecting data from regions with high variance. We use a sparser

Fig. 4: Perspective corrected (top-view) thermal camera data highlighting sparsity of mea-
surements farther away from the camera (bottom of the image), and complete lack of data
in the top right and left corners.

version of the thermal camera data to build a probabilistic spatial model of
the temperature field using GPR as described earlier for the upsampling task.
Then, we greedily add data points and analyze how many points are needed
from the quadcopter data to reduce uncertainty in the reconstructed thermal
image.

4 Experiments and Results

We carried out a series of field experiments on the EPFL campus in a 25m x
22m area with a significant portion being vegetation (grass), and a section of
gravel path (Fig. 5). This provided a natural environmental field for the mea-
surement of surface temperature. The land based camera-rig was mounted on
a tripod at an elevation of 5m and at a distance of 20m from the experiment
site. Images were captured simultaneously by both cameras every minute
during the course of the experiment. For our analysis, we use one such con-
current snapshot. The quadcopter was operated manually at a mean height
of 3.8m by a human pilot for a period of 10 minutes to capture the surface
temperature over a lawnmower pattern as shown in Fig. 6. We show results
from one of the field trials.



Fig. 5: The experiment site was a 25m X 22m patch of land with varying density of grass,
and a gravel path. The camera-rig was at a height of 9m from the test site, at a distance
30 m from the nearest edge of the test site.

(a) The quadcopter path
(solid red path) from one
of the experiment runs. A
human operator maneuvered
the quadcopter to carry out a
‘lawnmower’ pattern.

(b) Quadcopter temperature data
points from the field trial.

Fig. 6: Data from quadcopter field trial



4.1 Image unwarping and correction

Fig. 7 shows the result of using visual landmarks in the truecolor and thermal
images to find the transformation between the two cameras, which was then
used to generate an overlaid image of the scene showing both truecolor and
thermal images. This is useful as an initial overview of the scene and can be
obtained in realtime. Next, we obtained a remotely-sensed truecolor image of

(a) Truecolor image from
Canon 300D digital cam-
era.

(b) Thermal image from
FLIR A320 thermographic
camera.

(c) Truecolor and thermal
image superimposed after
image registration.

Fig. 7: Landmarks in the truecolor and thermal images used to generate an overlaid image
for quick survey of the scene.

the scene from a commercial map-server. From this, we used visual landmarks
to compute a perspective transform to unwarp the images from the thermal
camera and the digital truecolor camera. Fig. 8 shows the unwarped top
view of the truecolor and thermal images. We performed interpolation on the
GPS-tagged surface temperature data collected by the quadcopter for initial
visual comparison of the two datasets. Fig. 8b shows this image.

(a) Unwarped truecolor im-
age.

(b) Unwarped thermal camera image and linear interpo-
lated quadcopter temperature data.

Fig. 8: Visual comparision of corrected truecolor image, thermal image, and interpolated
quadcopter data.

4.2 Upsampling

As described in Section 3, we use GPR on thermal camera data augmented
with truecolor data to predict temperature at unobserved locations where



truecolor data are available. The result of the upsampling analysis is shown
in Fig. 9.

(a) Sparse thermal camera data. (b) Sparse truecolor data corresponding to
thermal camera data.

(c) Dense prediction points, with truecolor
data.

(d) Estimated thermal field.

Fig. 9: Upsampling thermal camera data with high-resolution truecolor data using Gaussian
process regression with input augmented with RGB data.

4.3 Comparision of quadcopter and thermal camera data

We computed the Pearson correlation coefficient between the quadcopter data
points and the perspective corrected data points from the thermal imaging
camera. Since the thermal camera data density is much higher than the quad-
copter data, we found the Euclidean nearest-neighbor thermal data points to
the quadcopter data. Fig. 10 shows the quadcopter data alongside nearest-
neighbor thermal camera data. The two vectors were of length 3607 data-
points each, and showed R = 0.477, demonstrating a statistically significant
correlation between quadcopter data and thermal camera data. Additionally,
to analyze the effect of outliers in the quadcopter data (for example, due to
unfavorable altitude), we computed the Pearson coefficient on a sliding win-
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Fig. 10: Quadcopter data points (left) and nearest-neighbor thermal camera data points
(right).

dow of 440 data points (corresponding to 90 second of quadcopter flight time).
The resulting distribution of correlation coefficient is shown in Fig. 11a.
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(a) Pearson correlation coefficient distribu-
tion for a sliding window of 440 datapoints
over quadcopter and nearest-neighbor ther-
mal camera data.
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(b) Cross-calibration fit between quad-
copter and thermal camera data.

Fig. 11: Correlation between quadcopter and thermal camera data, and plot of linear cross-
calibration fit.

Next, we cross-calibrate the quadcopter data with the thermal camera data
by finding a linear fit to a section of the quadcopter and thermal camera data
with R>0.8. Fig. 11b shows the the data points and the resulting linear fit.



4.4 Adaptive sampling with quadcopter

We flew the quadcopter remotely to carry out lawnmower surveys of the test
area capturing samples of temperature with the downward looking IR temper-
ature sensor. From this, we can choose points to emulate adaptive collection
of data. This approach allows us to try various techniques adaptively without
having to perform multiple experiments. We use a subsampled version of the
thermal camera image as the pilot data to learn a GPR-based probabilistic
regression model of the temperature field. We then use the variance of the
field to greedily choose new sample points. As a reference, we show the re-
constructed field from the quadcopter data in Fig. 12a. Fig. 12b shows the

(a) GPR reconstruction on a regular grid
for quadcopter data. Black dots show
training data locations.

(b) GPR reconstruction on a regular grid
for thermal data. Black dots show train-
ing data locations.

(c) Prediction variance for reconstructed
thermal image. Red regions show high un-
certainty.

(d) GPR reconstruction on a regular grid
for thermal data after 20 adaptive samples
from quadrocopter dataset.

Fig. 12: GPR reconstructed thermal and quadcopter data.

initial reconstruction of the temperature field from the thermal camera data.
The top left and right corner of the reconstructed field are regions that ex-
hibit extrapolation, with high associated uncertainty, as showed in Fig. 12c.
Data from the quadcopter is used to fill these gaps, and in Fig. 12d, we see
twenty additional data points added greedily to the reconstruction from the
cross-calibrated quadcopter dataset. Each addition of a data point is followed



by relearning of the temperature field. As seen in this figure, as a result of
addition of the new samples, the top left corner of the field now exhibits
moderate temperature.

5 Discussion and Conclusions

In this paper, we presented an experiment using mixed sensing to reconstruct
the surface temperature of a patch of land. A land-based camera-rig consisting
of a thermographic camera and a high-resolution truecolor camera was used
to generate upsampled thermal images of the experiment site. A quadcopter
equipped with a downward looking IR temperature sensor measured surface
temperature during flight. We compared the data from quadcopter with the
thermal camera and found they are correlated (Pearson coefficient of 0.47).
Finally, we investigated adaptive sampling strategies to fill gaps in thermal
camera data using the quadcopter. We achieved this by using data from a
quadcopter run offline.

Fig. 13: The distribution of quadcopter altitude during the field trial.

This work has limitations that merit future work. First, we have not in-
cluded the quadcopter altitude in the estimation of the temperature field.
Since the IR temperature sensor has a relatively large field of view, the alti-
tude has an impact on the measured data. This likely this has an impact on
the correlation between the quadcopter data gathered during the field trial
and the corresponding thermal camera data. Fig. 13 shows the distribution
of altitude for the 10 minute flight at the experiment site. In the future, we
plan to model the IR-based temperature sensor as a pixel-average sensor and
take into account the effect of height while reconstructing the temperature
field. Second, we have used RGB data from the truecolor camera to aug-
ment the thermal camera image to perform upsampling. We plan to explore
other characteristics of the land patch in addition to RGB for this task. Fi-
nally, we have not carried out online adaptive sampling experiments with the
quadcopter. Instead, we collected data using a lawnmower survey and used



the data offline to emulate new samples. In future, we will carry out online
experiments to validate our approach.
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