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ABSTRACT





Small Unmanned Aerial vehicles (UAV), better known as drones, have invaded very quickly the
public debate. Besides the headlines on their military use, the potential civil applications are widely
discussed. Agriculture is one of the fields in which drones appear to be very useful. In particular many
agricultural statisticians would like to understand how much information can be extracted from
UAV images and how cost-efficient such images may be.
This paper has several purposes:
Discussing the cases in which UAV images can substitute field surveys.
Analysing suitable sampling schemes for such image acquisition.
Presenting practical implications and limitations in a test by the ITA consortium in Malawi.
Sampling long thin stripes to be surveyed with UAV has a good efficiency in terms of variance, but
the feasibility is linked to two conditions that appear to be very difficult to meet: possibility to identify
all major target crops on images with 2-3 cm resolution and flight regulations in the country that
allow flying long distances far away from the operator. Small traditional airplanes with pilot might
be a more realistic approach than UAV for surveys based on a sample of aerial photographs.
Keywords: Crop area estimation, Drones, Area frame sampling, Transects.
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1. Introduction
The scientific community is paying attention to Unmanned Aerial Vehicles (UAV) and the
possible civil applications of the images they can provide (Floreano and Wood, 2015). The debate
on the use of UAV, better known as drones, includes the agricultural applications (Malveaux et al.,
2014, Anderson, 2014), and the health aspects of agricultural practices (Capolupo et al.,
2014). The limitations imposed by flight regulations are also analysed by the scientific literature
(Freeman and Freeland, 2014). The image processing technology is well advanced and should
not be a major limitation for practical applications (Zarco-Tejada et al., 2012, Hruska et al., 2014,
Liu et al., 2014). Most applications of drone images to agriculture refer to local crop monitoring
(García-Ruiz et al., 2013, Duan et al., 2014, Uto et al., 2013), in particular for precision agriculture
(Zhang and Kovacs, 2012, Stehr, 2015). The possible application to agricultural statistics is often
discussed, but at the time of drafting this paper, we have not been able to find any published paper
that specifically addresses the topic.
If we consider the standard approaches to use imagery for agricultural statistics (Carfagna and
Gallego, 2005), the requirements for yield estimation or forecasting seem far from the characteristics
of low altitude flights because a large number of images along the cropping season is a critical
condition and this would be too expensive. The use of images as a covariate in regression or
calibration estimators appears also unfeasible at the current stage of the technology because it requires
covering a very large area, in principle the whole targeted geographical domain
The most realistic use of drone images is substituting field visits in an area frame survey. At the
current status of technology it is reasonable to cover for example an area of 1 km x 1 km with a
single flight by mosaicking stripes of about 100 m width with a resolution that can range between 2
and 5 cm. Such resolution may be enough to identify single crops in some cases. The usability
of such images to identify single crops depends very much on the type of agricultural landscape.
One of the purposes of this paper is presenting the conclusions of a test run by the ITA consortium
in Malawi. The conclusions of this test are likely to be useful for many countries in sub-Saharan
Africa.
If we assume that most crops of interest, or at least some key crops, in a given region or country can
be identified, several points still need to be discussed:



Is a drone-based survey cost-efficient compared with a standard field survey?
How can we optimize a sampling plan of spatial units to be observed with drones?

Analysing survey costs on the basis of pilot studies is not easy. The cost per sampling unit tends to
be lower when a survey becomes operational (Taylor et al., 1997), but with a very heterogeneous
pace. Pilot surveys in developing countries may be more expensive than in developed countries due
to difficulties linked to transportation infrastructures and logistics, but the cost can be also very
different when a pilot study is paid by an external donor.
The idea of using samples of aerial photographs have been used for agricultural and environmental
estimates is not new. It has been applied already in the 70’s (Jolly and Watson, 1979), but needs to
be revisited taking into account the technological advances.

2. Pilot Test in Malawi.
A test has been carried out by the ITA consortium in Malawi. A subsample of 20 clusters of 4
x 4 points 250 m apart was covered with UAV flights. The leaf shape of maize, by far the most
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important crop in the country, can be reliably recognised with the 2-3 cm resolution images, but
associated crops (less visible than maize) were very difficult to identify and distinguish from weeds.
Other crops such as ground nuts, soya and cassava are difficult to discriminate for different reasons
including the relevant presence of the intercropping practices and the different phenological stages
for the same crop types during the drone overpass. Figure 1 provides an example of image acquired
by a drone in the Malawi test. The fields in the right side of the image can be clearly identified as
maize, but it is very difficult to identify if the associated vegetation are simultaneous crops or
weeds.
Figure 1: Example of image with 2-3 cm resolution acquired by a drone in Malawi.

3. Data and Sampling Schemes.
We have made simulations using as pseudo-truth the farmers declarations in the Netherlands in
2012 . The data we have contains approximately 770,000 plots declared by farmers in 2012 in the
Netherlands, out of which 345,000 correspond to cropland. The rest corresponds mainly to grassland
and a minor part of natural vegetation plots owned or managed by farmers. For the examples based
on this data layer we will focus exclusively on cropland. The interest of using this data set is that it
behaves very much like the real spatial layout of cropland. The consistency of the data set has been
checked by crossing it with the Eurostat point survey LUCAS (Gallego and Delincé, 2010) that has
resulted in a nearly perfect match, with the exception of a significant undercover on potatoes. Similar
data sets exist in all European Union (EU) member states, but most of them consider these data
confidential. The Dutch authorities have considered that these data may be made public if they only
contain data that anyone can observe on the field. The layer can be found in
http://geodata.nationaalgeoregister.nl/brpgewaspercelen/atom/brpgewaspercelen.xml in a GIS
format. It would have been better to use a similar data set for a developing country with a more
complex agricultural landscape, but it has not been possible to find such data.
There is a wide variety of spatial sampling schemes for agricultural statistics (Benedetti et al.
2015). In this paper we will limit ourselves to comparing:
 simple random sampling of points. This is generally not a good choice for the problem we
are considering, but we use it as a benchmark.
 Square segments. We have tested segments of 1 km × 1 km and 3 km × 3 km
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Long and thin segments (stripes). We have tested stripes of 10 km × 100 m and
90 km × 100 m that correspond to the same area of the square segments above. Therefore
the variance ratio between square segments and stripes may be attributed to the shape and
not to the size of the segments.

Long and thin stripes are theoretically better adapted than square segments to low altitude flights. A
good quality UAV can fly a straight line of 100 km if the topography is not too complicated. However
local or national regulations often forbid such long stripes.
Figure 2 represents the spatial layout of a sample of square segments of 3 km × 3 km and a sample of
stripes of 90 km × 100 m. The sample of stripes has been defined with the help of a fixed grid. A
large proportion of stripes is incomplete because they are clipped by the country boundary. This is
likely to have an impact on the efficiency of the sampling scheme and may need to be reworked with
a sampling frame better adapted to the shape of the country. In both cases we have considered simple
random samples. Improvements such as stratification or systematic sampling have not been
considered in order to focus on the effect of the segment shape.
Figure 2: Layout of a sample of square segments and a sample of 90 km stripes.

4. Simulation Results.
For the comparison of variances we use the “equivalent number of points”. If a sample of n segments
with a given shape and size gives the same variance as a simple random sample of n×Q points, we
say that a segment is equivalent to Q points in terms of variance.
Table 1 reports the equivalent number of points Q of square segments and long stripes for major crops
and some less important crops. We can see that Q is generally larger for minor crops. This happens
because the spatial auto-correlation is generally higher at short distances for major crops, making
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clusters less efficient. We can also see that the relative efficiency of stripes compared with square
segments is higher when the stripes are very long. This empirical result is fully consistent with the
formal link between efficiency of clusters and spatial autocorrelation (Carfagna and Gallego, 1994,
Gallego 2012).
Table 1: Equivalent number of points of square segments and stripes
1 km2

Maize
Temporary grass
Wheat
Potatoes
Sugar beet
Barley
Flowers
Orchards
Pulses
Flax

Area
(% territory)
7.17
5.41
4.32
4.27
2.07
0.84
0.65
0.51
0.19
0.06

Q
square
segment
7.2
6.2
4.1
5.7
8.9
9.9
4.4
6.1
11.4
12.6

Q
stripes
12.8
14.1
6.1
8.5
15.1
18.9
6.7
12.1
25.7
24.6

9 km2
Efficiency
stripes
1.8
2.3
1.5
1.5
1.7
1.9
1.5
2.0
2.2
1.9

Q square
segment
13.8
14.6
6.2
9.0
18.3
24.3
6.7
13.6
43.2
39.3

Q
stripes
26.0
41.8
15.2
24.4
58.5
69.0
20.1
43.6
115.8
131.2

Efficiency
stripes
1.9
2.9
2.5
2.7
3.2
2.8
3.0
3.2
2.7
3.3

5. Conclusions and Discussion.
Very high resolution images acquired by UAV are a very appealing tool for agricultural
statistics. The idea of substituting field surveys with photo-interpretation of geo-referenced images
with a resolution of 2-3 cm is attractive, but several limitations appear very strongly:
 The applicability is limited to crops that can be identified on images with a reliability compared
to field observations. This is unlikely for associated crops, as in the example of Figure 1.
 National regulations often limit the flights of UAV to the area within the sight of the operator.
Square segments of 1 km × 1 km would be feasible, but the statistical efficiency of such
segments is not very high.
 A UAV-based survey requires field trips of highly specialized staff and material. The ratio
between the cost of field observations in a traditional area frame survey and an UAV-based
survey is not easy to estimate with the available information coming from small pilot tests.
For specific food need assessments based on inter-annual changes of maize (assuming maize is the
staple food) a sample of UAV-covered stripes can provide a sufficient information if long stripes are
compatible with national regulations.
We need to make a reasonable assumption to apply to developing countries with very small plot
size the relative efficiency values obtained from data in the Netherlands, where the average field size
is around 3-4 ha. We can assume that the spatial correlation structure may be similar if we apply a
1:3 or 1:4 zoom-out. The average field size would become 0.2-0.5 ha, a field size that is much more
common in semi-subsistence agriculture. However this “plot reduction” may be not enough to have
a landscape similar to a developing country. In particular simultaneous crops are not considered in
the results.
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The efficiency for long and thin sampling units (e.g. 10 km × 100 m) may be around 2-3 times
better than for compact-shaped units (squares). Taking into account the standard operational
conditions of UAV (landing near the take-off point), a suitable sampling unit could be a pair of
parallel transects of 10 km with a distance of 500 m or 1 km from each other.
When flight regulations are do not allow long distance flights of UAV, small aircrafts with
pilot would be an alternative that should be considered. It is less fashionable than UAV and has
other requirements (sufficient network of landing fields), but it might be efficient in many cases.
A sampling plan should take into account the orographic characteristics of the surveyed area. A
stratification bight be performed to exclude areas with too steep slopes for a smooth operation
of UAV. However case by case analysis is needed for an approximate assessment of the potential
bias generated by excluding hilly areas.
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