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Automatic detection of crop’s disease in canopy is a highly challenging task, due to several
factors such as small dimensions of symptoms, heterogeneity of illumination, presence of
interfering parts of plants, tissue pigmentations or spot reflections. Nevertheless, a successful system able to detect initial disease foci would be a milestone in the view of the implementation precision crop protection by mean of selective treatments against disease foci,
allowing for control of spreading of the infection while enabling significant reduction in use of
pesticides.
In this work, we explore a multiple sensors approach aimed to detect the powdery mildew
and downy mildew diseases in grapevine canopy. Field multispectral and hyper-spectral images of grapevine canopy containing both healthy foliage and areas exhibiting symptoms of
the two considered diseases were acquired in experimental plots established in two commercial vineyards.
The acquisitions were made by moving along the grapevine rows an instrumented trolley
equipped with a VIS-NIR hyper-spectral line imaging system (ImSpector V10, Specim, Finland) and a red-green-NIR multispectral camera (MS4100, DuncanTech, USA) both acquiring images on the same portion of the canopy. In order to obtain a homogeneous illumination
of the imaged area, the trolley held a tunnel structure covered with a light diffusing shield.
Despite the presence of the light-diffusing tunnel, one of the major problems of detecting the
diseases in the field is the changing and variant lighting conditions within the canopy area. In
order to cope with this major problem, we propose the use of dynamic local 3D thresholding
algorithm, which dynamically split the image into regions, not necessarily of the same size,
where the lighting conditions are approximately homogeneous for each region. Then, for
each region, sensor fusion algorithm is being implemented for the disease detection. The
sensor fusion algorithm is a variant of adaptive weights fusion. The weight for each sensor is
changing according to the decision of the entire weighted sum of all of the sensors decision.
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Introduction
Automatic and precise detection of diseases in agricultural is a necessary for pesticide reduction. Several diseases exhibit an uneven spatial distribution, with patchy-structures
evolving around discrete foci, especially during early stages of development. Early detection
of the initial symptoms and timeliness protection treatments can limit the use of pesticides to
only the infected portion of crop, without losing protection efficiency against the expansion of
the disease from initial foci. As a result, this approach may contribute to significant improveProceedings International Conference of Agricultural Engineering, Zurich, 06-10.07.2014 – www.eurageng.eu
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ments of crop protection operations in term of environmental impact, of production costs and
of public concerns about healthiness and wholesomeness of products.
One of the tasks of EU funded project CROPS (www.crops-robots.eu) is to investigate such
an approach by developing robotic targeting of crop protection treatments on areas detected
as infected or susceptible to be. Among possible sensing techniques for disease symptoms
detection, proximal optical sensing has specific characteristics especially relevant for field
applications on grapevine and other fruit-tree crops. In particular, this tecnique can inspect
the vertical structure of the canopy, allowing for potential on-the-go detection of early symptoms even at sub-centimeter scale.
In this work, we describe an approach based on the fusion of information provided by two
optical sensors, a VIS-NIR hyper-spectral camera and a R-G-NIR multispectral camera, applied to the detection in field conditions of downy mildew (Plasmopora viticola), a major
grapevine fungal diseases of grapevine.

1
1.1

Materials and methods
Plant material and diseases assessment

A set of field measurements were carried out in June-July 2012 in the area of Garda Lake
(45.5°N, 10.5°E), Italy. Six experimental plots, each of 6 plants of grapevine (V. vinifera, cv
Groppello) were obtained in a commercial vineyard site in Raffa di Puegnago. The plot was
managed according the farming practice adopted in the hosting vineyards, except for pesticides treatments. Downy mildew was artificially inoculated in order to produce traceable, localized and possibly subsequent sprouts of fungal diseases during the measurements period. The occurrence of disease and position of symptoms were traced and classified by an
expert pathologists. Reference values of symptoms intensity (ground truth) was visually rated
by the human experts according established disease levels scale which rely on growth stage
of fungal colonies on leaves and on the average percentage of the leaf area in the focus
showing symptoms. For the limited aims of this study, an arbitrary and qualitative scale was
used by the pathologist by designating as: initial symptoms, those corresponding to small (5
mm in diameter) and sparse (less than 1% of leaf surface affected on five leaves around the
focus) fungal structures; advanced symptoms, with extended colonies (20-50 mm) of mature
or partly sporulating fungal structures affecting 10% or more of leaf tissue in the neighbor of
disease focus.

Figure 1: Instrumented field trolley hosting the acquisition system. Canopy imaging is done inside a
tunnel structure providing background regularization and diffuse illumination of the measured area

1.2

Field measurements setup

Field acquisition was conducted by moving an instrumented trolley along the grapevine rows
in the experimental plot. The trolley (Figure 1) held a tunnel structure aimed to cover the im-
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aged area of the canopy with two goals: a) to provide background regularization and to avoid
viewing multiple rows by means of a black, low-reflective shield; b) to avoid specular reflection spots on foliage thanks to homogeneously illumination of the measured area obtained by
means of a white, light-diffusing shields used as roof and lateral walls of the tunnel. The instrumented trolley hosted the electronic apparatus used for the measurements. For this experiment we used a VIS-NIR hyperspectral system (ImSpector V10, Specim, Finland) and an
R-G-NIR multispectral camera (MS4100, DuncanTech, USA). The VIS-NIR hyperspectral
system acquires images at 1300(space) x 1026(frequency) pixels, with a nominal range of
frequency from 386nm to 1089nm. For our work we had used a more conservative range
from 450nm to 850nm in which sensor shows a linear response. The R-G-NIR multispectral
camera acquires 1912x1076 pixels, 8 bit images in three distinct spectral channels: green
(540nm), red (660nm) and near infrared (800nm). The canopy area imaged was about 1.25x
0.7 m, resulting in a spatial resolution of about 0.6 mm/pixel. Each acquisition item consists
of twin images, one taken by the hyper-spectral camera and the other by R-G-NIR camera,
almost at the same time (less than a second between the two images). The two cameras
were mounted as near as possible in order to minimize the parallax effect (Figure 2).

Figure 2: The multicamera system used in the field experiments. Left: schematic drawing of the integration of the sensing hardware on a common platform ( the hyper-spectral camera on top-left, the RG-NIR camera on bottom, on top-right an RGB camera not used in this experiment); Right: the system
in operation in the vineyard

1.3

Diseases detection algorithm

A representative set of 13 twin images taken in the field were selected for analyses. The dataset was intentionally chosen to covered a range of diseases severity, leaf age, natural light
conditions and other possible interfering factors as any abnormal tissue pigmentations.
Each channel of the R-G-NIR images is normalized independently to the other using three
reflectance references (spectralon 20% 50% and 99%) included in the image view. An automatic gain control system had continuously maintained the acquired mean gray level on the
reference at a fixed value in order to maximize the dynamics over the leaf tissues. Due to the
absence of a programmable control for the gain on the acquisition system, the hyper-spectral
images were manually normalized respect to a reflectance reference (the spectralon 20%
used for RGIR images) by adjust the diameter of the lens iris and evaluate the peak level of
the mean spectrum over reference.
Each acquired image was manually classified by a plant pathologist. Each hyper-spectral
image was visually matched with the associated multispectral image in order to build the correct correspondence of the related areas for subsequent data-fusion. Matching between the
two images was obtained through the extraction of the R-G-IR image segment framed by HS
camera and by a subsequent linear scaling of it in order to match the same vertical dimension of the HS camera. The identification of the right coordinates of the cropped segment
was made by using several spots generated by a laser pointer visible in both of the coupled
images (Figure 3).
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Figure 3: Laser-aimed matching between R-G-NIR image and the corresponding HS Image

Within the 13 hyper-spectral images, 1111 useful line spectra were manually selected because corresponding to foreground areas of leaf’s tissue, while background areas or extraneous material (as posts, wires, branches etc.) were ignored. In parallel, in the R-G-NIR twin
images the regions corresponding to the selected lines were also manually tagged and selected.
The line spectra from the hyper-spectral image, and the corresponding area on the multispectral images, were divided into two subsets: the training set, used to setup the parameters of the detection algorithm, and the evaluation set. The training set consisted of images
areas corresponding to healthy and to diseased portions of leaf tissue in the measured canopy.
The core of the detection algorithm works as follows. First, the background, not-leaf tissues,
is removed by using a trivial classifier for matching leaves. Background is identified by apply
an experimentally evaluated threshold on the levels of the spectrum at 800nm normalized by
the mean value of the spectrum reference on the top of the image. Then, two different indexes are calculated from the RGIR image (Equation 2):
1. NIR channel local normalization in the R-G-NIR image (Equation 1).
2. A Normalised Differential Index (NDI) of the first and third channel in the R-G-NIR image (Equation 2).

Equation 1:

NIR
Green − NIR
; Equation 2:
Green + Re d + NIR
Green + NIR

After that, the indexes are divided by each other and the result is compared to a pre-defined
threshold that was learned in the training phase.
If the result is bigger than the threshold, then a second pre-defined threshold (described in
the following paragraph) is increased by a factor of 1.2.
In the second step, on the hyper spectral image:
1. Sum all of the pixels in two regions, and divide the results by each other
2. Same as 1 for two other different regions (the used regions have been identified in
the training phase).
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3. Compare both results with a pre-defined threshold that was learned in the training
phase.
4. If both results are bigger then the threshold -> the pixel is with a disease, otherwise,
the pixel is healthy

Figure 4: Draft of the core of the algorithm

The used regions on the spectra and thresholds have been identified in the training phase.
In order to remove some false positive, a post-processing step is performed on the final result oft he algorithm. A median filter removes isolated spectrum lines identified as disease,
mainly produced by the miss-classification of the leaf edges. Finally, a filter based on finding
linear structures in the channel gradients of the R-G-NIR portion removes some missclassification due to thick leaf branches crossing the line view of the hyper-spectral.

2

Results

Below, in Figure 5, you can find an example of the application of the developed algorithm.
The region between the two horizontal red lines is the area of the detection can be performed. On the top of the image there is the ambient light spectra obtained from reflectance
reference used for normalization. At the right of the image, over-impressed, is reported the
corresponding RGIR region viewed in the HS image, cropped, scaled and realigned. Blue
line on the left is the result of the first rough leaves detection; peaks toward the right means a
line spectra classified as leaf tissue. Red line in the center of the image is the result of detection algorithm; peaks toward the right mean line spectra classified as disease tissue. The
colored segment report the manual classification made by pathologist survey; green regions
represent healthy tissue, yellow represent background, magenta represents a median/advanced downy mildew, purple region means branches. The black/white narrow near the
classification represents the target downy mildew (white regions, see article for details) that
should be detected.
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Figure 5: A result of the detection algorithm. Blue line is the result of the first raw leaves detection;
Red line is the result of detection algorithm. The rainbow ribbon represents the classification made by
pathologist and the black/white narrow near the classification represents the target downy mildew
(white regions, see article for details).

Algorithm was been applied on 14443 line spectra and it has able to identify the target in the
70% of the classified downy samples (TP/(TP+FN)) and the 98% of the classified notdowny samples (TN/(TN+FP)).

3

Conclusions

The proposed algorithm has shown good results in the experiment described in this work.
The data-fusion allows to join the greater punctual sensitivity obtainable from hyper-spectral
images with the spatial information obtained from the images RG-NIR thus improving the
recognition of structures and tissues hard to be recognized with a single-sensor approach. In
particular, the data-fusion has improved the discrimination between the initial-medium lesions
of downy mildew, best recognizible through the large amount of information present in the
refraction spectra, and the branches with similar surface staining, more easily identifiable by
the shape of the structures. Further improvements should be possible by adding to the
process of data-fusion other texture indexes exploitable from RG-NIR images such as
eccentricity of identified suspected blobs or local variation of proper color-based indexes.
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