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1 Abstract: Olive trees have been of economic and cultural value since pre-Roman times, and continue
> to dominate landscapes and agriculture in many mediterranean regions. Recent mass losses of olive
s treesin Southern Italy due to an exotic plant pathogen highlight the need for methods that to monitor
«  the olive trees in a landscape or region operationally. Here, we develop a method for counting olive
s trees from aerial photographs and test it in areas with a high diversity of olive tree ages, sizes, and
s shapes. This heterogeneity complicates tree counting as centennial trees often have crowns that
»  are split into multiple segments, resembling multiple crowns, while nearby crowns often form a
e  semi-closed canopy comprising multiple trees. Comparisons with reference counts in two 20 ha sites
o and over three different years indicate the automated counts tend to be reasonably accurate (median
1o error 13%, n = 6), but heavily influenced by a few olive orchards with particularly high planting
1 densities and a relatively closed canopy in which distinguishing individual trees is challenging.
12 Overall, the algorithm estimated tree densities well (counting 82 to 109 trees/ha versus 87 to 104
1z trees/ha in the reference counts), indicating the method is suitable to track the number of olive trees
1« over large areas.

s Keywords: tree counting; olive trees; Xylella fastidiosa; morphology; algorithms; image processing;
1 tree crowns

7 1. Introduction

"

18 Since its detection in southern Italy in late 2013, the plant pathogen Xylella fastidiosa has steadily
1o spread northwards through the Apuglia region of Italy causing extensive damage to olive trees, which
20 dominate local agriculture (Figure 1, [1]). The impact on the landscape and economy is conspicuous,
=z with rapid and extensive die-off of the olive tree crowns in the most affected regions. The landscape
22 layout, in which olive orchards dominate, makes halting the epidemic particularly challenging [2].
2 Recent findings of Xylella fastidiosa on the Balearic islands and on mainland Spain, support the theory
2a  that the pathogen could affect the entire Mediterranean region [3]. In response to the Xylella fastidiosa
= outbreak, the EU has put in place an extensive range of eradication and containment measures [4]
2 which in some regions call for the felling of infected trees, and in certain cases also of healthy trees in
2z their vicinity.
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Figure 1. Location of the study area in Italy (on data from gadm.org). The dark blue area indicates the
area in the Italian region of Apuglia where Xylella fastidiosa is present. The dot indicates the study
area.

28 The extent of the damage caused by Xylella fastidiosa is currently poorly understood as the
20 anticipated impacts on regional olive oil production have not yet been reported, thus preventing an
30 assessment of the economic impact. Such assessment could be expedited if the number of trees lost to
a1 the epidemic (either directly or indirectly, through preventive phytosanitary measures) were monitored.
s2 However, this number is currently unknown. Moreover, information on the number and location of
33 olive trees lost as a result of the Xylella fastidiosa outbreak is required to understand the spread of the
sa  pest thus far, and to inform epidemiological models that may simulate it [5]. Knowing the impact of
ss  the epidemic on olive tree stocks can also support planning of the response to the emergency, e.g. by
s informing a more precise evaluation of the impact of the possible containment measures. Finally, an
sz inventory of olive trees could be used to estimate and compensate losses to the olive sector. Given
ss the abundance of olive trees in the Apuglia region, and the high number of landowners, automated
3o analysis of remotely sensed images could generate such inventory most efficiently.

40 Remote sensing based methods for tree counting generally combine image analysis methods with
a1 either probabilistics or some form of mathematical morphology (for a review, see[6]) . Most of these
a2 studies analyze Red-Green-Blue-NIR or other multispectral data from very high resolution satellite
«3 data, but see [7] for an example of the use of both radar and passive optical data for counting trees of
« various species, including olives. In contrasts, studies for wall-to-wall detection of individual trees in
s aerial photographs are rare, despite the abundance of such data owing to their use in photogrammetry.
s Reasons for this gap might be that geometric consistency is prioritized over radiometric accuracy in
4z the production of orthophotos, the cost of the images, and their data volume.

as The OLICOUNT model [8] [9] was developed for counting olive trees in pansharpened satellite
4 images of sub-meter resolution. It relied on a combination of spectral thresholding (i.e. using the
so spectral characteristics of trees), region growing, and tests based on morphological parameters
s1  of regions (i.e. using the morphology of individual trees). Furthermore, the model was initially
s2 a semi-automatic, and optimized for individual agricultural parcels, rather than for wall-to-wall
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ss  mapping. [10] studied Ikonos and Quickbird images for morphometric analysis, using nonlinear
sa diffusion to smooth the images while preserving relevant contrasts, before identifying local spatial
ss maxima of the Laplacian of the image to extract the shapes of olive trees. Similarly, [11] designed a
ss model, the Arbor Crown Enumerator (ACE), to identify and count tree crowns on the Greek Island
sz of Crete. It works with multispectral information of a Quickbird (70 x 70 cm) image, thresholding its
ss Red band data and Normalized Difference Vegetation Index (NDVI). For crown separation, it uses
so the Laplacian of the Gaussian (LOG) blob detection method. [12] classified Ikonos-2 imagery with a
s Gaussian Process Classifier to separate olive orchards from other land use classes. The elements in the
&1 orchards that might represent individual olive trees and fit predefined size criteria were then counted
ez Using an automatic procedure, defining each object as one tree. [13] instead used image computer vision
es and probabilistics on VHR satellite imagery. In many landscapes, particularly intensively managed
es ones, olive trees are planted along regular grids and are even-aged. As a result, in very-high-resolution
es satellite images of these areas, such as from Ikonos, Quickbird, Orbview, or Worldview satellites, olive
es trees have a very constant size, similar shape, and follow a reticular layout. These properties translate
ez into the identifiable co-linearity patterns and patch sizes that have been used thus far to identify olive
es orchards in satellite images.

69 The resolution of satellite data can be insufficient to reliably discriminate individual olive trees
7 when they follow an irregular grid, particularly when they vary greatly in size and shape, as occurs
= in the less intensively managed olive orchards of Southern Apuglia. The farming in this region is
72 characterized by the prevalence of centennial olive trees with crowns reaching 10 m in diameter,
73 sometimes consisting of two or more major clusters of branches, that in a top-down view may resemble
7a separate crowns. Furthermore, these crown sections, as well as crowns of smaller trees, often reach the
75 crowns of neighbouring trees (Figure 2, bottom panel). In such a canopy, it is difficult to distinguish
76 individual trees based on the top-down view that aerial images typically provide (Figure 3).

77 Here, we build on image analysis techniques from different scientific fields to develop a method
s to automatically detect and count individual olive tree crowns in aerial images. We apply the method
7o in an area where olive trees are planted irregularly and are of highly variable sizes, including some of
so which are old and have very heterogenous crowns. The errors in the automatically obtained counts are
a1 then quantified using photo-interpreted reference data. To further assess the robustness of the new
e2 method, the validation is replicated using images acquired by different sensors with their own spectral
es  specifications, and taken on different dates and at different spatial resolutions.
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Figure 2. Examples of olive trees near the study area, with crowns dominated by few large branches

(top panel) and with crowns of neighbouring trees touching each other (bottom panel)
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Figure 3. True colour samples of aerial photographs of olive orchards in the study area with 50 cm
(top), 30 cm (middle), and 20 cm resolution (bottom), and collected in 2013, 2015, and 2016, respectively.
The individual samples measure 80 m across and illustrate the heterogeneity of the orchards, including,
near to each other, trees with large crowns that form a semi-closed canopy with adjacent trees, trees
with crowns that are split into two or more clusters of branches, trees of varying sizes, and trees that
have been recently pruned. In addition, they illustrate differences in the understorey and shadowing
depending on phenology and image acquisitions times, as well as effects of image resolution.
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sa 2. Data and Software

85 We analyzed four RGB-infrared aerial images: 1) A 50 cm resolution image acquired as part of
es a campaign in May-June 2013 with Leica ADS40 and ADS80 cameras, 2) a 30 cm resolution image
ez acquired on the 30th of May 2015 with a Leica ADS100 camera, and 3) a 20 cm image acquired between
es the 7th and 25th of May 2016 at 20cm with a Leica DMC III camera.

89 The ADS100 is a large-format photogrammetric camera with a sensor containing 13 CCD lines
oo with 20,000 pixels each in three line groups (Forward, Nadir, Backward) installed in different positions
o1 on the focal plane to provide various along track viewing angles: nadir panchromatic (PAN; 2°), nadir
o2 R, G, Band NIR (0°), backward PAN (14°), backward R, G, B and NIR (16°) and forward PAN (27°).
oz The camera is gyro-stabilised via a mount with adaptive control. The ADS40 and ADS80 are precursors
o« of the ADS100. The ADS40 relies on a 12-bit Dynamic range CCD and produces 8-bit compressed
os output. The CCD has a total of 12 lines, four panchromatic, and 8 multispectral, of 12,000 pixels each.
s The ADS80 improves on the ADS40 by adding double spectra lines for each of the visible and the NIR
oz bands, thereby increases radiometer accuracy. The sensor of the DMC III camera has 25,728 pixels
s across track and 14,592 pixels along track. It has four colour channels (R, G, B, NIR) recording in 14-bit.
9o It was flown at an altitude of 5000 m.a.s.l. to generate images with a 20 cm pixel size.

100 Our study area comprises two 400 ha rectangular zones in Southern Puglia (near 40.5°N, 18.0°E,
11 Figure 1, and referred to as zone 1 and zone 2) that are dominated by olive orchards and were imaged
102 in 2013, 2015, and 2016. First reports of trees affected by Xylella fastidiosa near the study area merged
103 in the second half of 2015 (Puglia Province, 2016). The few parcels in the study area that are not
10s  dedicated to olive farming, but to vineyards, roads or buildings, were masked from the analysis, to
105 retain 365 ha in zone 1 and 331 ha in zone 2 for analysis. The masking was based on a high-resolution
106 (1:10 000) map of olive orchards obtained from the regional authorities through its online GIS portal
w7 (Puglia Province, 2016). This soil usage map itself is based on aerial photos taken in 2011 with 50 cm
s resolution.

100 The analysis relied on open source software packages for image manipulation and processing:
1o Fiji [14], GRASS GIS [15] and GDAL [16]. Additional image scripts were programmed in C [17],
11 OpenMP [18], BASH Shell [19], and Python [20] depending on complexity, processing time, and core
u2 parallelisation possibilities.

13 3. Methods

ua 3.1, Image segmentation

115 The images were first processed to NDVI, then segmented based on objects following on Niblack’s
us thresholding method [21] and Sauvola binarization techniques [22] Figure reffig4 to distinguish tree
uz crowns from the background. Next, a binary watershed analysis, using the Euclidian distance map
us for each object, separated olive trees with overlapping crowns using a microbiological cell counting
e algorithm as seen in [23], Figure 5. This segmentation approach has been successfully applied to
120 hyperspectral imagery by [24] and to thermal imagery for water stress detection [25].
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Figure 4. Sauvola algorithm overview (from [22])
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Figure 5. (a) Image of giemsa stained section of Hep2-treated cells (b) The same view after thresholding
the image color and applying watershed-based binarization of the 8-bit image (from [23])

121 The watershed analysis tended to split heterogenous olive tree crowns (Figure 6a) into different
122 sub-crown segments(Figure 6b). This occurred particularly in older olive trees, in which few large
123 branches often dominate the crown. To partly address this, segments separated by a line of single
124 pixels in any direction (Figure 6c) were reconnected. This approach was designed to reduce the number
125 of heterogenous crowns split into multiple segments while avoiding the merger of segments belonging
126 to different trees.

A T AT oo Y T

Figure 6. True colour composite of original image (a), tree crown segments identified by object-based
segmentation and watershed analysis (b), and merger of nearby crown segments (c). The depicted area
measures 60 m across.

127 Next, we removed segments that were smaller than a predefined area corresponding to the
12 smallest crowns (< 0.64 m?), and identified those that were too big to represent a single crown (> 18
2, see section Identifying the centres whose crowns touch each other). The remaining segments were
130 then assigned individual IDs, so they could be counted (Figure 7). These operations were carried out
11 in GRASS GIS [15].

120 IM
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Figure 7. Centres of segments representing individual, isolated, tree crowns. No centres are shown for

segments larger than 18 m? as they are analyzed further to determine if they encompass multiple tree
crowns.

12 3.2. Identifying the centres of isolated tree crowns

133 Southern Apuglia has a high prevalence of particularly large old olive trees, compared to regions
13« with more recent or intense olive cultivation. Because of their fragmented crowns, many of these
135 centennial olive were initially represented by multiple segments, organized around the tree’s trunk. To
136 identify when segments in the image belonged to the same tree, and avoid double-counting of trees,
137 we developed a new approach to locate canopy centers from crown segments. The method drew on
13s  [26] who uses three points to assess the rim of craters in planetary sciences; it estimates and averages
130 the circle centres based on all sufficiently separated triplets of points located on the outer boundary of
10 segments. The actual algorithm is solving three-point circle equations with two unique unknowns,
11 namely the x and y coordinate of the center of the circle the points may fall on. This process was
12 iterated over all points belonging to a segment’s border, except for points that were less than two pixels
13 apart from each other. For each segment, the different derived centres were then averaged to the point
14s  that had the smallest summed Euclidean distance to all points.

145 Crowns of older trees, with highly heterogenous crowns, tend to produce multiple crescent-shaped
s segments, oriented towards trunk, which often has no branches immediately above it (Figure 8). In
17 such cases, our method derives one or more centres (depending on the number of segments belonging
s to the crown), in close proximity to each other (Figure 8). Therefore, our algorithm scans through
140 all the center points derived in the previous steps, and replaces those that are within a predefined
10 Euclidian distance from each other, with their average representing a single tree’s centre (Figure 6b).
11 Here, this distance was set to 2 m, as it represents a lower limit to the spacing between trees in the
12 study area.
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Figure 8. Centres estimated for individual segments (stars) were merged (dot), if they were less than 2
m from each other, as they are likely to belong to a single tree, with fragmented crown and no branches
right above the crown.

13 3.3. Identifying the centres of trees whose crowns touch each other

154 When a segment identified as a potential tree crown was larger than 18 m?, it was considered
15 to be a merger of multiple crowns. This occurred particularly in orchards dominated by older olive
16 trees, some of which have canopies reaching 10 m in diameter. To avoid underestimating the number
15z of such trees, we investigated how to separate such crowns in the analysis; the challenge was made
1ss  more difficult by the fact that older trees often lose their branches in the center of the crown generating
10 a hole in the crown, or an open-crescent-shaped crown (Figure 8). To address this, we developed
10 a mathematical morphology algorithm and tuned it to the characteristics of those large, and often
11 irregular, fused tree crowns. The algorithm has several parts, including a repeated closing operator
162 (dilation + erosion). It is adapted to a preset observed tree crown width, in order to fill the inner islands
16s mentioned above that are caused by the absence of branches immediately above the tree trunk. This
16s  Operator has the effect of smoothing the edges of the segment, and rounding it, causing the inner island
165 to gradually fill in. Finally, an erosion operator is iterated until sub-areas are sufficiently reduced to be
166  separable as single pixels (Figure 9). The coordinates at the centres of these pixels are then extracted to
1z be used in the tree counting.
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Figure 9. Centres of olive tree crowns detected by a sequence of repeated closing and erosion operators
within an image segment encompassing multiple trees.

168 Finally, the coordinates of the centres of large trees with touching crowns were combined with
160 those derived earlier for the centres of smaller (less than 8 m?), isolated, tree crows. The complete
170 coordinate set was then intersected with the high-resolution (1:10,000) digital map of olive orchards in
1 the Puglia region [27]. This intersection had the effect of removing artifacts and non-olive crowns from
17z the results and from the final counts of olive trees.

173 3.4. Error assessment

174 To generate reference data for error assessment, we performed a visual tree count in a subset of
175 the two zones comprising the study area: 5% or 20 ha, of each 400 ha zone was randomly selected as 20
176 square plots sampled from a regular one-ha grid (Figure 10). In each of these areas, all olive trees were
17z counted through photo-interpretation of the aerial images. The total number of olive trees visually
17e  counted in the 20 ha area was then compared with the automated olive tree count in that same area, as
17e  an indication of the error in the latter.

180 Our algorithm comprises two main components, a first one that assumes all detected crowns
11 represent single trees and is thus suited for counts isolated trees and a second one that counts trees
12 whose crown forms a continuous canopy with neighbouring trees trees. During error assessment,
1es  we compared both the counts obtained by the first component, and by the combination of the two
12 components to the reference data.
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Figure 10. 1 ha grid overlaid on zone 1 of the study area, and the 20 randomly sampled areas,
representing 5 % of the area, used for error assessment.

1ss 4. Results

186 Our automated algorithm counted between 32,600 and 42,394 olive trees in the ca 400 ha zones
1z Of the study area, depending on the zone and year of the images, translating in densities of 82 to 109
1ss trees/ha (Table 1). The latter is close to 87 to 104 tree/ha densities in the 20 ha area reference areas
18 Where olive trees were visually counted.

190 Implementing only the first component of the algorithm, which counts crowns assumed to
11 represent single trees, underestimates the total number of trees by 10% to 16%, except for one zone-year
102 combination where it overestimated the number by 3%. The 20 ha reference area in zone 1 contained
13 more trees than the reference area in zone 2 in all years, despite contrasting interannual variation in the
10s  number of trees in both. The automated counts of isolated trees correctly reflected this ranking, both
105 between zones (counting more trees in zone 1 than in zone 2), and between years (detecting, between
16 2013 and 2016, the increase in the number of trees in zone 1 and the decrease in zone 2).

197 Separating crowns that form single canopies with neighbouring trees (i.e. the second component
s of the algorithm), increases the counts by 1% to 40% (in zone 2 year 2013, and zone 2 year 2015,
100 Trespectively). In the latter case, however, this is an exaggeration, as it led to an overestimation of the
200 total number of trees by 27%. In two of the six year-zone combinations the inclusion of the crown
201 splitting reduced the absolute error of the tree counts, in the others it caused an overestimation of the
202 total number of trees.
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Table 1. Olive tree counts in the two ca 400 ha zones in Apuglia estimated in three different years.

Errors are expressed as the difference between the number of olive trees retrieved by the automated tree

counting algorithm, and the number of trees visually counted by photo-interpretation in a randomly

sampled 20 ha validation area. Positive errors indicate overestimation by the automated algorithm.

Tree densities are expressed in trees/ha, using the total area of olive orchards in the two zones (365 ha

for zone 1 and 331 ha for zone2).

| Zone | Year| Random sample of 5% of the study area Entire study area ‘
Reference automated count automated count
count (n)
Isolated Trees with | All trees | Isolated Trees with | All trees:
tree touching | (n, error) tree touching | nr of trees
crowns (n, | crowns Crowns: Crowns: (trees/ha)
error) (n) nr of trees | nr of trees
(trees/ha) | (trees/ha)
Zonel | 2013 1,737 1,558 461 2,019 33,480 8,914 42,394
(-10%) (+14%) (92) (24) (117)
Zonel | 2015 2,061 1,738 244 1,982 32,644 3,360 36,004
(-16%) (-4%) (89) ) (99)
Zonel | 2016 2,077 1,760 585 2,345 32,386 11,230 43,616
(-15%) (+13%) (89) (30) (120)
Zone2 | 2013 1,833 1,883 28 1911 36,145 1,583 37,728
(+3%) (+4%) (109) (5) (114)
Zone2 | 2015 1,826 1,656 669 2,325 30,208 2,392 32,600
(-10%) (+27%) (91) ) (99)
Zone 2 | 2016 1,791 1,594 526 2,120 28,268 6,642 34,910
(-11%) (+18%) (85) (20) (106)
203 Total olive tree counts for the study area indicate a greater number of trees in Zone 1 than in Zone

204 2 (40,671 and 35,079 trees, respectively, averaged over the three years). This difference exceeds the
205 difference in area between the two zones, leading to a greater density of trees estimated for Zone 1
206 (111 trees/ha versus 106 trees/ha). When assuming the error rates estimated for the reference areas,
207 the difference in tree numbers between the zones of the study area is significant in 2015 and 2016, but
20 not in 2013 (Figure 11).

200 Olive tree counts in both of the zones of the study area reach a minimum in 2015. This is unlikely
20 to be an artifact of the differences between images, as this pattern is not present in the automated
2 tree counts in the 20 ha reference areas. Instead, once validation-based error rates are applied, the
212 difference only persists in Zone 2 (Figure 11).

213 The number of isolated trees counted in Zone 2 decreases by 22% between 2013 and 2016,
2 compared to 3% in Zone 1 (for the reference area this is 15% and -13%, respectively). As the isolated
a5 trees tend to be smaller and younger, these differences, which are in line with the reference tree counts,
ze  might reflect a difference in management (and particularly the timing of pruning) between these two
z7 - zones. Uncertainty increases, however, when the counts of trees forming a single canopy are included,
ze  indicating the difficulty of resolving these cases.
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Figure 11. Olive tree counts in the two zones comprising the study areas based on orthophotos of 2013,
2015, and 2016. Vertical bars are based on the % error estimated for each zone-year combination based
on validation data collected by photo-interpretation over subsets of the zones, representing 5% of their
areas

Errors of the olive tree counting algorithm varied with observed tree density (Figure 12). Among
the 20 one-ha square plots that made up the reference area in Zone 1 in 2015, tree densities between
100 and 120 trees/ha, which correspond to plantations of well-spaced intermediately-aged trees, were
most prevalent (8 of 20 plots). In these settings, errors averaged -1.5% (standard deviation = 0.07%, N =
8). Areas of lower tree densities are characterized by older trees, with discontinuous crowns that often
touch those of neighbouring trees, generating a more complex and variable canopy architecture. In
these settings (< ca. 80 tree/ha) the algorithm relies on its second component and model performance
is lower on average, and more variable. Areas with very high tree density (> 170 trees/ha) are rare;
one plot had a density of 178 trees/ha and one, in which citrus trees were planted between the olive
trees, had a density of 334 trees/ha. In both these cases, tree numbers were greatly underestimated (by
ca. 40%). While they do not present a large portion of the total area, or a large fraction of the olive
crop, these high-density plantations have an outsized effect on the errors calculated for the olive tree
counting algorithm.

d0i:10.20944/preprints201710.0170.v1
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Figure 12. Examples of a) low tree-density (60 trees/ha), b) mid tree-density (94 trees/ha), (c) high
tree-density with interplanting (138 trees/ha), and (d) very high tree-density olive plantations (370
trees/ha). All images cover 1 ha. e) Errors of the tree counting algorithm (dots) as a function of tree
density. Counting errors using the 2015 image are shown for the 20 one-ha square plots comprising the
reference area in Zone 1. Grey bars show the prevalence of different tree densities among the 20 plots.

232 5. Discussion

233 Estimates of tree numbers over large areas usually rely on combining estimates of tree cover
23s  density and tree cover extent [28]. Here, instead, we present a method to directly, rather than indirectly,
235 count trees in a landscape using aerial photographs. The ongoing outbreak of Xylella fastidiosa in
236 Southern Italy provided the direct impetus for this work, yet several pests are currently threatening
237 tree species populations, (e.g. [29] [30]), creating an urgent need for tree monitoring tools. Mapping
23 and counting the trees lost to such a disturbance shows its immediate impacts and enhances the
230 precision and speed with which longer-term effects can be estimated, whether they are ecological (e.g.
20 loss of diversity, carbon stock, or soil retention) or economical (e.g. loss of crops and productivity).
241 Xylella fastidiosa can cause complete canopy die-off within a year. In efforts to slow the impact
2e2  and spread of the pathogen, olive trees in Apuglia are often severely pruned. Our algorithm explicitly
2a3  focuses on mapping and counting intact tree crowns, excluding trees that are dead or recently and fully
2as  pruned. If they are healthy, the latter trees will redevelop a crown within a year. While image-based
25 tree counts in any single year will thus reflect the extent of recent pruning activity, tree-level multi-year
26 analysis will make it possible to distinguish pruned trees (based on their crown recovery), from trees
27 with extensive canopy die-off, as caused by Xylella fastidiosa.

248 Intensely managed olive orchards tend to be even-aged, resulting in trees with similar crown
200 sizes that are spaced along a relatively regular grid. In our study area in Apuglia, orchards are not
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20 intensively managed and some trees are more than 100 years old, while others were recently planted.
21 This can result in locally highly variable crown sizes of trees, and an irregular distribution of trees
22 within single orchards. Furthermore, ancient trees tend to lose branches at the center of their crown,
23 which then splits into two or more clusters of branches. Finally, pruning can drastically change the
=a  appearance of tree crowns, as can differences in image resolution and viewing angles. The automated
=5 crown detection algorithm presented here performed well in the most common conditions, but suffered
26 a loss in performance when tree density was exceptionally low or high. Areas with very low tree
=7 densities were characterized by old trees with complex, segmented, crowns, which can be difficult to
=ss  Unite analytically. Areas with very high tree densities are very few, but had a disproportionate effect
260 on the error rates of the algorithm. In these areas, rows of young olive trees had been planted between
200 rows of larger olive trees (a practice applied in the past in response to agricultural subsidies that were
201 based on the number of olive trees cultivated), or the parcels were not olive monocultures, with citrus
22 trees planted between the olive trees.

263 Understorey vegetation and intermixing of non-olive species vegetation can have a confounding
2 effect on tree counting algorithms that rely solely on passive optical data, such as the one presented
2es here; Similarities in radiance, particularly in broad spectral bands, between different tree species,
266 grasses, and shrubs, can cause false positives in tree identification algorithms. Considering the
20z phenology of overstorey as well as understorey vegetation in the acquisition of imagery can thus
2es improve tree counts. In this study, the understorey in the 2016 image was considerably greener than in
200 the 2015 image, despite both being acquired in May. However, this did not inflate our tree counts for
20 2016, compared to 2015, because there was sufficient difference in NDVI between the olive tree crowns
an  and understorey species in both years. The few understorey areas that were mistaken for crowns,
22 were often small (falling below the < 0.64 m? threshold set for crowns) or large and homogenous (and
273 therefore counted as one). Nonetheless, future research could address the distinction between different
z7a  tree crops in single parcels, and both under and overstorey phenology should be considered when
275 acquiring aerial photos for automated tree counting.

276 Local heterogeneity in tree sizes also exacerbates the difficulty of counting trees whose crowns
277 form part of a semi-closed canopy, as no a-priori crown size can be assumed for individual trees.
e Our algorithm singles out image segments larger than 18 m? and analyzes whether they are made
220 up of crowns of multiple trees. When this does not appear the case, the segment is counted as a
200 single crown. Some previous algorithms, and particularly OLICOUNT [8] were parcel-driven and
21 semi-automatic, allowing an operator to set estimates of typical crown sizes for individual parcels.
222 While manual tuning of the algorithm on a parcel-basis is unfeasible for wall-to-wall mapping, future
23 development might investigate automated estimations of local crown size distributions to cope with
2es  the heterogeneity of olive tree sizes in Apuglia.

265 6. Conclusions

286 Here we have shown that it is feasible to count olive trees a landscape characterized by olive
2e7  orchards with high heterogeneity, both between and within orchards, using aerial photographs.
2es  The method developed relies on a series of image segmentation and filtering operations, followed
200 Dy iterative morphological analyses. Our results indicate that the method, while requiring further
200 development to deal with particular plantation types, can be used to document both spatial and
201 temporal variability in tree crown abundance. Indeed, the method is demonstrated using aerial images
202 Of different spatial resolutions, sensor characteristics, and seasons.

203 Next steps in the algorithm development could include the automated local optimization of
204 parameters based on estimated crown size distributions and more refined masking of understorey and
205 Overstorey components with similar spectral characteristics to olive trees in order to deal with rare
206 conditions that might inflate errors. The tree-counting algorithm can also be applied to other areas
207 Where trees form open or semi-open canopies, as is typical in agro-forestry systems. Most concretely,
208 our findings show the possibility of using the existing wall-to-wall aerial photograph coverage of
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200 Apuglia to estimate the number of olive trees that are being lost as the Xylella fastidiosa epidemic
s0  progresses northward.
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