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An automatized frequency analysis for vine plot
detection and delineation in remote sensing

Carole Delenne, Gilles Rabatel and Michel Deshayes

Abstract— The availability of an automatic tool for vine plot  classification (plots boundaries are not provided), ands8)qu
detection, delineation and characterization would be very useful a plot basis validation, only 78% of plots were accurately
for management purposes. An automatic and recursive process q|5ssified. In [11], periodical vineyard patterns are ditc

using frequency analysis (with Fourier Transform and Gabor b fi d V7 th level i lati
filters) has been developed to meet this need. This results in y compuling and analyzing the grey-level autocorrelation

the determination of vine plot boundaries determination and function along four predefined directions in the image. This
accurate estimation of inter-row width and row orientation. To approach can be compared in many points to a frequency
foster large-scale applications, tests and validation have beenanalysid. However, although providing good results on Amer-
carried out on standard very high spatial resolution remotely ican vineyards, this could not be successfully applied @h ol

sensed data. About 89% of vine plots are detected corresponding E . d . v four f - fi
to more than 84% of vineyard area and 64% have correct uropean vineyard regions as only four frequency oriesnati

boundaries. Compared to precise on-screen measurements, vinedre considered. In [12], a frequency analysis using Gabor
row orientation and inter-row width are estimated with an filters is proposed in a study concerning olive tree plotg; bu

accuracy of respectively ¥ and 3.3 cm. these filters were manually determined from the observation
Index Terms— Remote-sensing, vineyard, detection, segmenta-Of the Fourier spectrum. These approaches aiming at vine
tion, frequency analysis, Gabor filters. plot detection only provide a vine/non-vine pixel classifion

without the determination of plot boundaries. In a recemdt
Da Costa et al. [13] applied a textural approach to meet this
need. Even if the results obtained on several plots (less tha
T HE increasing availability of very high spatial resolutiorl0) are good, it seems difficult to generalize this method as i
(VHSR) aerial images offers a lot of new potentials applied on a 0.15 cm resolution and needs the user to select
applications as the shape or the spatial structure of obdera window inside the field he wants to process. Moreover, a
objects is more distinguishable. In the agricultural domé&r previous comparative study for vine plot detection [14]vws&d
instance, various types of vegetation can be distinguisteed the superiority of a frequency analysis on a such textural
cording to their spatial patterns (cereal crops, foresthards, approach (also based on a difference between cooccurrence
etc). However, because they deal with spatial structures faatures calculated along two perpendicular directions).
shapes, these applications require new image processing ap basic issue of vine plot detection and delineation in VHSR
proaches, even if multispectral aspects remain imporegt ( images can be highlighted: on the one side, periodical patte
as a preliminary tool to enhance the image contrast). Sevetiave very specific and clearly defined properties that should
shape-model based approaches can thus be found in dliew their detection; but on the other side, the large range
literature, especially for building detection [1], [2] asalated of possible orientations and inter-row widths that have ¢o b
trees detection [3]. For forest identification, varioustteal considered in a detection process prevents from usingictdss
approaches based on co-occurrence matrices are propdsedéstural approaches. We thus propose an original schene tha
[5]. Most vineyard related studies using remote-sensed daivercomes this paradox, by using an automatic setting of
aim to characterize already delineated pletg. by detecting Gabor filters through a recursive process (of which a first
vine rows [6] or by characterizing training mode [7] or foliaimplementation was presented in [15]).
density [8]. A very important feature in vineyard is the splat  The aim of this letter is to present the theoretical aspects,
periodicity of the crop pattern, due to the training systemis well as the recursive implementation of the operational
(often in rows or grid), which is clearly visible in VHSR aaki algorithm developed for the automatic vineyadgtection
images. A vineyard can thus roughly be approximated todelineationand characterizationon very large aerial images
local planar wave of a given spatial frequency and oriemmati for inventory and management purpcse$hen, only first
Therefore, approaches based on spatial frequency analygisults obtained on a standard VHRS imade natural colors
and notably on the Fourier spectrum, are particularly duiteand with a 50 cm resolution, are given. Further work will be
Wassenaar et al. [7] showed the ability of such an approachdene to analyze the effect of the image characteristics en th
characterize vine plots (orientation, inter-row widthaiting results.
system). In [9] and [10], the authors attempted to detect vin
plots with a method based on the wavelet transform. HoweveﬁThe autocorrelation function can be obtained as the invémserier
this method is not satisfactory for mainly three reasons: ?[i‘zns's‘form of the power spectrum. .
. N . . . . eeht t p: / / www. bacchus- proj ect. comfor more details.
it needs a significant user intervention because the fillerin sg ¢ as the Bd-Orti® provided every five years by the French Greo-
scheme is not selective enough, 2) results are obtainedeals pgraphical Institute and covering the whole French teryitor

I. INTRODUCTION
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II. METHOD
A. Principle

1) Grey-level image preprocessingErequency analysis ‘
deals exclusively with spatial structures without consite
their radiometric properties in the image. The proposed a

parallel structure to be visible. Thus, depending on thetsple
bands available, these images can be of various &gepne |
particular spectral band, indexes such as NDVI (Normalised @ (b)
Difference Vegetation Index), luminance computed from a

RGB image, or even Digital Surface Model issued frorhig. 1. a) Image (red channel, 50 cm/pixel) of a vineyard arga&durier
Lidar data. The comparison of these possibilities will net *Pectrum (on which several pieces of information have beeiedid
addressed here. In any case, a normalisation preprocdssing

applied to ensure the parameter robustness in the followin peak 1 peak 2 peak 3
treatments. It consists in a local linear transformatioricivh . .

normalizes the mean and standard deviation in a slidin ®
window, so that different vineyard structures will generat (b)

comparable Fourier amplitude peaks. !m
amplitude peaks (three of them being circled) observed in (a) ©

the frequency domain correspond to the vineyard plots in the

spatial domain. Each positiofu, v) in the Fourier Spectrum Fig. 2. a) Fourier spectrum; b) Gabor filtering; c) Modulus lé toutput
represents a particular frequency froa.5 to +0.5% Vine complex imagestesp.for peaks 1, 2, 3.
rows orientationd in a geographical coordinate system and
inter-row widthw are directly linked to this position by:

2) Gabor filtering: Figure 1 shows a typical vineyard
image and its Fourier spectrum, on which several pieces
information have been added for better understanding. Th

B. Recursive process

U 1
0 = cos (m) o W= Va2 + 02 @) To find out each vine plot in the input image, the Gabor
The main idea of our process is to isolate each individuféllter has to.be applied succesqvel_y on the amplitude peaks
plot i by selecting its corresponding frequenéy, v;) in In the Fourier spectrum by adjusting its central frequency

the Fourier spectrum using a Gabor filter [16]. In the spatigﬂ”’”"')' Due to harmonic frequencies, the same plot can
domain. this filter is defined as: generate several maxima. To overcome this issue, only the

highest peak is searched for; when the corresponding plots

hus vy = g(,y) - e 2wz tvi) (2) have been recovered by Gabor filtering, they are listed and

where erased from the original image by assigning to their pixels
_ 1 ,m‘fﬂﬂ 3) a unique value (equal to the image mean in order to avoid

9(x.y) = o2 ¢ 7 ( the apparition of new frequency peaks). This guaranteds tha

In the frequency domain, the Fourier transformigf .. is a neither the selected peak nor the corresponding harmorilics w
Gaussian function of width /(2ro) centered or(u;, v;): be selected in further iterations. This process is repeaét
Hy o om0 (umus) P (0—0:)?) no more amplitude peak is foundg. when the ratio of the
aor (U, 0) = € 4 maximum and the average amplitude in the Fourier spectrum
Figure 2 shows three examples of Gabor filtered outputslower than a predefined valug).
corresponding to three different amplitude peaks in thgioai After Gabor filtering, a threshold is applied to the output
Fourier spectrum. As we can see, this filtering process appemnage. We thus obtain a binary image, in which each object
to be very efficient in selecting vine plot areas with a giveis supposed to be a vine plot with tH{@, w) characteristics
frequency i.e. a given (0, w) characteristics). corresponding to théu,, v;) center of the current Gabor filter.
Both for computational reasons and to get exploitabldowever, the different plots may not have exactly the same
Fourier spectra, this filtering process must be applied @haracteristics but very close ones. Some plots may also be
limited size images (typicallys00 x 500 pixels). Because incomplete in the current original sub-image if they haverbe
studied areas are often much larger, an initial partitigrim split by the initial partitioning process. For these reas@ach
square tiles is used. In the following, we only consider thglot is processed again through a new Gabor filter. This is
resulting sub-images and will see how to recover plots thatganized as follows:

have been split by the partitioning. « A new sub-image is created where all pixels but those

41+0.5 corresponds to the highest frequeneyy. the alternation of black of the Ca_ndldate plot a_re set t(_) the image _mean' S0
and white lines of one pixel widths. that only its corresponding amplitude peak will appear
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Object analysis function (OAF) During the first week of July 2005, a digital camera was
[ Input: current object contours | used on an U.L.M. (Ultralight motorized) to acquire images
in natural colors which have been assembled in an orthopho-
| Sub-image extraction around input object | tomosaic of 50 cm spatial resolution. For result validatite
- e 160 vine and non-vine plots of the site have been manually
- FFT computation with Hanning window digitized in a GIS database by photo-interpretation andlhveil
- Search for the maximum in the Fourier spectrum . . , . . .
- Selective Gabor filter considered as ‘real’ plots (flgurg 4). Ground.—t.rl_Jth infotima _
1 was collected the same day as image acquisition and added in
Forleach detected Object an associated attribute table. This later contains infGona
concerning land use such as vine, orchards, cereal crops and
Does it touch the bounding box? other characteristics for vine plots, such as training medg.
NO YES grid, line) or soil surface condition (bare soil or grasserad).
Store as plot and Tncomplete plot- Moreover, meas'urement.s of, w) characteristics have been
erase from input call OAF done by photo-interpration: mean of 10 measures for row
i orientation and measure of the longest segment perpeadicul
to the rows in the plot, divided by the corresponding number
For each remaining part of the initial object callOAF of inter-rows, for inter-row width.
END

Fig. 3. Summary diagram of the recursive function. Due to r&eily, new
OAF call does not mean that the current OAF execution is figishe

in the Fourier spectrum. This guarantees an accurat
determination of the plot characteristig® w).

« A new Gabor filter is then applied to the original sub-
image around this unique peak. If the resulting binary
object extends to the sub-image edge, a new sub-imag
is built around it, including margins to allow object | '\
extension, and the process is repeated. In this way, wl '\
are guaranteed to recover the complete plot in one oMy % & o
several iterations. A e

It appears from these steps that the same filtering and bi”%’. 4. Zoom on the study area and manual vine plot segmentation
analysis scheme is applied many times, starting either from

the initial sub-images, or from the current plot candidéig,

building a new sub-image around it. The iteration number [ prycess parameters

not predictable as the sub-image issued from a currentybinar

object can itself generate an undetermined number of ne\'\};\orlrj]rinrinrr?lljnmpzsilrfrlgfgrie?rjngzt??/vﬁéﬁengrggzsciis consid
objects. For this reason, a recursive function is partityla )

suited (figure 3). It is initially applied on ‘virtual’ plotssued ered as a vine plot. A very small value can be taken to ensure

L . . . the detection, even partial, of most of the plots. In our egxiam
from the partitioning. To avoid multiple detections, theealdy . i ' . '
P 9 b y it has been set to half the smallest vine plot of the study:area

detected vine plots are erased in every new sub-image befé :
further processing. When the whole image has been treated, . A value of 1 n? did not change the results bUt. atoo
all value could have produced some false detections, on

IS | i t ith th tect lot ies. .. . . . .
GIS layer is generated wi e detected plot boundaries the supposition, however, that their amplitude in the Feuri

attribute table is associated to this layer, containingefach spectrum is higher than the parameter (defined below)
plot, its area, row orientation and interrow width. The Gabor filter widthcontrols the filter selectivity in the
spectral domain and the plot boundaries location accuracy
o in the spatial domain. Here, the filter width corresponds to
A. Study area and data acquisition 4 m in the spatial domaini.e. ¢ = 8 pixels according to

To assess the global detection process, a study areainofge resolution), which corresponds in the study area to a
200 ha has been chosen, which is a subset of the La Pegaeanalysis width containing about 4 vine rows.
watershed (110 k#) located in the Languedoc-Roussillon The initial image normalization and the Gabor filter se-
region - France. This zone is representative of the Frenlgctivity give to vineyard pixels in the output image a very
Mediterranean coastal plain with respect to agriculturacp high grey-level value compared to other ones. A simple linar
tices and vineyard management. Despite a general decre#ts®shold can thus be applied to the filtered output image (se
vine cultivation is still predominant in the study area anfigure 2c). The choice of théhreshold values not critical:
concerns about 70% of the Agricultural Area Used. following results have been obtained with a value of 20 after

Il1l. APPLICATION
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renormalization in the 0-255 range, but tests have shown tha
values until 150 do not change dramatically the results (5
plots are partially detected instead of well-segmented,tha ' 2N
amount of missing plots remains unchanged). Moreoveresm a
‘

the distribution is nearly bimodal, the threshold couldaie \ ’O
seek automatically.

In the same way, it has been tested thatdhmeplitude peak %
ratio R can be chosen in a relatively large range: [15, 25].
Lower values €.g9.10) generate some false plots while greater
values €.9.30) lead to the loss of some badly contrasted pIots ‘
Following tests have been carried out with= 20. &

IV. RESULTS AND DISCUSSION

Preliminary tests have shown that the best contrast between
vine and soil, even when covered by grass, was obtained V\@ ck non detected plots (left) and false detection (Jightdark grey: good
the red channel. Hence, this channel has been directly usgggheation: in light grey: good detection but uncorredirdgation.
thereafter as the input image for the detection algorithm

To compare our results to those obtained by other studi€'lilizss
providing a vine/non-vine pixel classification, we shoutthe
sider as ‘good classified’, the plots of cases 1, 2, 3, 5 al
many plots of the cases 4 and 8 defined below (see table #
This leads to a good classification rate of more than 85 &=
However, the aim here is not a pixel classification, but th
delineation of vine plots boundaries.

. 5. Comparison of manual (left) and automatic (right) segatem. In

A. Segmentation results

The main goal of the developed process is the plot bound- () (b)
aries determination, which has never been proposed before Result examples. a. good detections (correct andrisementa-
Therefore, a plot based validation has been performed, COﬁH%) b. not detected F:/lnes cg non-vines segmented as \imis fmanual
paring automatically and manually segmented plots acogrdisegmentation in black and automatic in white).
to their overlapping rate. Results are given in table | adicqy
to eight different cases considered and illustrated in &dur

The three most represented types of results are: wigter-row width (1.7m), close to the detection limit (acdiog
segmented plots (64%), under-segmented plots (15.8%) dadhe image resolution), and the two others are very poorly
missing plots (11.4%). Under-segmentation can be coreidecontrasted in the image (figure 6(b) down).
as good detection as it corresponds to the grouping of neigh-Only four ‘plots’ have been wrongly segmented. One around
boring plots that always have the sarffe w). These plots a longitudinal high grey-level transition (due to a road and
are usually separated by a narrow road or a ditch but thét® side ditches), which has generated amplitude peaksein th
is sometimes no separation and they only differ by the saiéarch range (figure 6(c) up). The others are located in non-
surface condition between rows or by some characteristiogltivated plots, but which have been recently ploughedifég
undistinguishable in aerial images such as age or heighiréfig 6(c) down) and therefore present a parallel structure. &hes
6(a) down). This kind of segmentation error is inherent telots’ will however easily be eliminated in the further ptef
any segmentation method relying on spatial pattern detecti vine rows analysis using radiometric criteria.
to detect patterns a minimal neighborhood is required. For
this reason, we do believe that a further step (presen%y Characterization results
under development) based on individual vine row analysis Ts
necessary and probably sufficient to overcome this issue.  Concerning crop pattern characterization, the amplitude

The undetected plot ratio is relatively weak (11.4%) an@eak location in the Fourier spectrum enables the accurate
mainly concerns small plots, with very few rows, which thugstimation of vine row orientation and inter-row width. &l
lead to a weak amplitude peak in the Fourier spectrum. Indedgtween on-screen measurements and method estimation, an
nine out of the 13 missing plots are smaller than 0.2haverage absolute difference of less th&n(despectively 3.3
Consequently, they represent less than 5% of the total ailey cm) was found fol (respectivelyw). In addition to the utility
area. Within the four other non-detected plots, one has me$tcharacterization as such, these estimations are needed t
of its vine-trees missing (figure 6(b) up), another has aawarr extract each vine row for the further step of row anaRsis

5A detailed analysis of image characteristics influence onréisalts will SMoreover, it appears in this step that the less accurate meéshnot the
be presented in a further paper. automatic one but the photo-interpretation.
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TABLE |

RESULTS IN NUMBER OF PLOTS AND PERCENTAGEACCORDING TO DIFFERENT SEGMENTATION CONFIGURATIONS

Segmentation types and definitions

Real plots (except for 7)

1. Good: overlapping surface is higher than 70% 72 64 %

2. Over: one real plot is segmented in several plots 2 18%
3. Under: one segmented plot includes several real plots 18 15.8 %

4. Partial: only a part of the plot is detected 0 0%

5. Larger: the segmented plot overflows onto other plots 5 52%
6. Undetected:not detected vine plots 15 114 %

7. False detection:non-vine plots automatically segmented as vine 4

8. Other: Other cases 2 18%

V. CONCLUSION [4]

S. E. Franklin, R. J. Hall, L. M. Moskal, A. J. Maudie, and. NB.
Lavigne, “Incorporating texture into classification of ést species

The proposed automatic and recursive process has proved its composition from airborne multispectral imagesternational Journal

efficiency for vineyard detection, delineation and chardaza-

tion in many ways. While most of detection studies - not onI)}S]
concerning vineyards - provide a pixel classification, it ha
the advantage of giving directly the plots boundaries and alf!
accurate estimation of the inter-row width and row oridotat
values. Another significant advantage is that good resuéts a
obtained with the red channel, present in widely available
natural colors images. Moreover, since the appropriatéapa
resolution is linked to the local pattern period, a coarsex o
could be used in many vine growing regions, especially dr
ones (such as in Spain) where inter-row widths are up to 3 n.
Then, panchromatic channels provided by satellites such as
Ikonos or Quickbird could be used. E)

The main limit of this method is that it has to be applied
on linear row patterns. It is not appropriate to detect Idinel
vineyards such as encountered in certain vineyard regidths w0l
significant slopes (Portugal, Italy).

Some plans to apply this method in the future on very
large areasife. a complete DOC region of about one hundreb1]
thousand hectares) are presently under progress, as well as
detailed comparison with other published methods (such as
the one presented in [13]). (12]
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