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ABSTRACT 
The potential yield of (capital)-intensive multi-annual crops (e.g., fruit) is seldom harvested in real-
ity. A targeted monitoring and modelling of the growth processes in such agricultural production 
systems could enable an early detection and treatment of production limiting factors, thereby opti-
mising yield. In Belgium, as in all temperate regions, scab stress caused by the ascomycete Ven-
turia Inaequalis causes the most important stress in apple orchards. The objectives of this study 
were (i) to determine if Venturia inaequalis leaf infections could be differentiated from healthy 
leaves in both resistant and susceptible cultivars using hyperspectral spectroradiometer data, (ii) to 
gauge at which developmental stage Venturia inaequalis infections could be detected and (iii) to 
identify wavelengths or spectral regions that best differentiate between infected and healthy leaf 
material. The first objective was related directly to the scientific research question of whether or not 
infected leaves resulted in a spectral response different from healthy leaves. The second objective 
addressed the question of whether or not hyperspectral data could serve as part of an early warn-
ing system to biotic stress in apple orchards, while the last objective defines the practical implica-
tion of such a spectral warning system. Partial Least Squares Discriminant Analysis (PLSDA) was 
used as classification technique. This technique compresses the dimension of the hyperspectral 
reflectance dataset, followed by a discriminant classification. Results suggested that good predict-
ability could be achieved when classifying infected plants based on hyperspectral data using 
PLSDA. Furthermore, a band reduction technique based on logistic regression was used to select 
the hyperspectral bands that best define differences among treatments. This study showed that the 
spectral domains centered around 1500nm and the visible region (well-developed infection stage) 
were best suited to differentiate between infected and healthy plants.  

INTRODUCTION 
The structure and physiological status of a plant is represented by reflectance patterns (i). Incident 
energy of the sun is partly reflected, transmitted and absorbed by the plant. The amount of re-
flected light depends on an amount of leaf-related factors, such as external morphology, internal 
structure, concentration, and internal distribution of biochemical components.  Each possibility to 
monitor these factors in an ongoing or periodic manner by means of teledetection offers the poten-
tial to model plant production processes, and therefore also to steer processes by means of 
adapted management measures. Studies have shown that non-intrusive techniques are essential 
for capturing data in the continuous manner necessary for monitoring vegetative production sys-
tems.  

Much remote sensing research has been done at plant leaf-level to ascertain the amount of stress 
in plants. Most studies focused on physiological changes and how these changes alter the interac-
tion of light with the foliar medium (ii, iii). The most common and widespread change occurs in the 
proportion of light-absorbing pigments, most notably chlorophylls a and b which absorb light in the 
430–660nm region (iv). Investigators have observed differences in reflectance due to stress-
induced changes in pigment concentration in the green peak (525-605nm) and along the red edge 
(~750nm) (v, vi, vii, viii).  
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Apple scab stress manifests at different stages. As can be seen in Figure 1, the primary infection 
is initiated by the release of ascospores. These spores penetrate the leaf cuticle, causing the for-
mation of a flat mycelium between the cuticle and the epidermal cell walls. Sporulation occurs by 
means of conidiophores, which penetrate the cuticular layer of the leaf surface and release conidia 
(ix). Until sporulation, V. inaequalis grows without killing host cells. First, olive green spots will ap-
pear on the leaf surface, followed by typical necrotic scab lesions. At the end of the vegetation 
period, the fungus switches to saprophytic growth in the dead leaf tissue and forms fruit bodies 
(pseudothecia), which overwinter and give rise to ascospores the following spring. (x)  

Figure 1 : Apple scab disease cycle 

Little is known about the host-pathogen interaction of apple scab. Resistant apple cultivars gener-
ally activate their defense mechanism after infection, which initiates a sequence of metabolic reac-
tions. In some cases it will cause a hypersensitive reaction of the plant cell that has been pene-
trated by the pathogen, resulting in cell death. When this happens, the pathogen will in many 
cases die, due to toxic substances accumulating in the dead plant cell. Lateur (xi) listed the most 
common metabolic modifications a) the reinforcement of the mechanical barrier consisting of a 
pecto-cellulose wall by incorporation of polysaccharides (callose), phenolic polymers (lignine), 
polyesters (suberine) and proteins, b) the stimulation of defense enzymes, and c) the production of 
defense and pathogenesis related proteins, such as chitinases, glucanases, and thaumatine-like 
proteins. All these factors will influence the reflectance spectra of the vegetation. Figure 2 shows 
the influence of selected vegetation compounds on a reflectance spectrum from plant material (xii, 
xiii, xiv, xv, xvi). 
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Figure 2: Vegetation spectrum and reflectance (4) 

Hyperspectral data were used in this study because of their contiguous nature and the abundance 
of narrow wavelength bands in the electromagnetic reflectance spectrum. These factors render 
hyperspectral data as a result of which they are very sensitive to subtle variations in energetic re-
flectance. This unique sensitivity is in turn needed to detect anomalies in the normal growth proc-
esses of plants, but comes at the cost of very large datasets, so that processing the data becomes 
a real challenge regarding computational power, as well as information redundancy removal, rele-
vant information extraction and modeling accuracy. Statistical techniques therefore have to be es-
pecially robust, given such large multivariate datasets. Most of the traditional methods of classifica-
tion and band reduction rely on assumptions of normality. Unfortunately, the data in this research 
did not fulfill this assumption. This necessitated the use of specialized techniques to determine if a 
difference between exposed and non-exposed leaves existed. “Partial least squares” was applied 
to reduce the data dimensionality (xvii). Finally, discriminant analysis was used on those results to 
classify the data. A technique based on logistic regression per wavelength was used to maintain 
statistical robustness, while defining wavelengths that resulted in the best separability between 
healthy and infected plants.  

METHODS 
Leaf-level reflectance data were obtained for two different apple cultivars in this study. The plant 
material was cloned in vitro, rooted, and acclimatized before being used in experiments. A cultivar 
susceptible to scab infection, Braeburn was selected as well as a resistant cultivar, Rewena. The 
objective was to recognize the different reaction mechanisms in plants and recognize their devel-
opmental stage. 

Vegetative material 
Each of both cultivars (Braeburn and Rewena) contained thirty plants: ten infected, ten placebo 
and ten untreated, or control plants. A standard infection method was used to infect the plants. The 
plants were inoculated with a suspension of 150,000 conidiospores per milliliter. The suspension 
was obtained by rinsing spores of leaves exhibiting visible scab symptoms. The concentration was 
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then counted in a Neubauer counting chamber to control and adjust the solution. Actively growing 
plants with 3 - 4 unfolded leaves were infected by spraying them with the suspension and placing 
them in 100% relative humidity for 48 hours. Afterwards, the plants were placed in an environment 
with a relative humidity of approximately 60%. Placebo plants were treated the same way, but in 
this case the suspension contained no bacteria. 

Data collection 
All spectral signatures were collected by spectral scanning between 350 and 2500 nm with an 
Analytical Spectral Devices Inc. (ASDI) FieldSpec Pro JR spectroradiometer (xviii). Leaf reflec-
tance spectra were captured by using a plant probe, which measures reflectance spots of 10 mm 
diameter and comes with a 1500 hour stable halogen bulb. The sampling interval over the 350–
1050 nm range is 1.4 nm with a spectral resolution of 3 nm (band width at half maximum). The 
sampling interval and the spectral resolution are approximately 2 nm and 30 nm respectively for 
the 1050–2500 nm range. The results are then interpolated by the ASD software to produce read-
ings at each nanometer interval.  

The measurements were initiated ten days after infection and were repeated every four days until 
scab symptoms were clearly visible with the eye, and leaves became to fall off. The two youngest 
vulnerable leaves from each plant were masked during infection. Two samples were taken during 
every measurement from each of these leaves, so that a good representation of the whole leaf was 
obtained. Photographs were taken so that later analyses could be linked with the degree of infec-
tion. The leaves were classified according to the scale of Chevalier et al. (xix). It contains six 
classes of symptoms: class 0 = no symptoms; class 1 = hypersensitivity (pinpoint pits); class 2 = 
resistance, chlorosis, and necrosis, either together or separate, without sporulation; class 3a = 
weak resistance, chlorosis, and necrosis, either together or separate, with slight sporulation; class 
3b = weak susceptibility, chlorosis, and necrosis, either together or separate, with sporulation; and 
class 4 = susceptibility, abundant sporulation without chlorosis and necrosis, either together or 
separate.   

Data analysis 
The gathered leaf-level reflectance data were subjected to partial least squares discriminant analy-
sis and logistic regression on a wavelength basis. A short description of both techniques is given 
below. 

 Partial least squares discriminant analysis  (xx) 

Linear discriminant analysis would traditionally have been the most appropriate technique 
to classify the data, given that the data were normally distributed. The dataset was tested 
for normality using the Shapiro-Wilk normality test and by calculating data skewness, both 
of which indicated a non-normal data distribution for many wavelength variables. A formal 
linear discriminant analysis also cannot be performed due to the large number of variables 
in the available training dataset relative to the amount of measurements taken. A reduction 
in data dimensionality therefore was needed to avoid overfitting before continuing with the 
classification. PLSDA therefore was preferred to analyze the data. The first step in this 
technique is a dimension reduction by using partial least squares (PLS). PLS is comparable 
to the commonly used dimension reduction technique of principal component analysis 
(PCA), with the important difference being that PLS explains both sample variation and re-
sponse variation. In contrast with PCA, PLS components are chosen such that the sample 
covariance between the response and a linear combination of the predictors is maximized.  
This criterion for PLS is more sensible since there is not an a priori reason why constructed 
components with large predictor variation should be strongly related to the response vari-
able (xxi). A component with a small predictor variance could be a better predictor of the 
response classes, a fact which is not taken into account in PCA.  

The main objective of partial least squares is to build a model which relates the response 
variables to the factor scores multiplied by their loadings. The factor scores, in turn, are lin-
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ear combinations of the original predictor variables, resulting in no correlation between the 
factor score variables used in the predictive regression model (xxii). 

  Y=TQ+E             (1) 
where Y = n x m response variables matrix 

T = factor score matrix (=predictor variables x weights) 

 Q = coefficients matrix (=loadings for T) 

E = n x m noise term 

The second step in the PLSDA technique involves a classification using linear discriminant 
analysis (LDA). LDA is well-known as a classification technique based on the gross vari-
ability ‘within groups’ and ‘among groups’. The combination of PLS and LDA therefore re-
sults in a dimension reduction as well as a classification outcome. 

A cross-validation ‘random subset’ method was chosen in order to evaluate the model ob-
tained by PLSDA. The basic precept behind this model validation technique is that a data 
subset (test data) is removed before training begins. The performance of the selected 
model then can be tested on the new test data. Here, the dataset was divided in 5 parts 
and was iterated 20 times.  

The number of latent variables where then specified that had to be retained in the model, 
which relates to the percent variance captured by the model in X and Y. Score plots, after-
wards were made for both cultivars at each different measurement period. These score 
plots represented the predicted outcomes obtained by PLSDA.     

Overall sensitivity and specificity of the model can be obtained by calculating the C-index. 
This index represents the area under the Receiver-Operator Characteristic (ROC) curve 
and gives an estimate of the discriminatory performance of the system. The vertical axis by 
convention is sensitivity, also known as true positive rate (or the ability to predict an event 
correctly). The horizontal axis is (1-specificity) otherwise known as the false positive rate 
(or the proportion of predicted event responses that were observed as nonevents). The 
curve gives the true positive rate that can be obtained at the cost of each possible false 
positive rate (xxiii). A numerical measure of the accuracy of the model can be obtained from 
the area under the curve, where an area of 1.0 signifies near perfect accuracy, while an 
area of less than 0.5 indicates that the model is worse than just random. C-values above 
0.8 are generally accepted to represent significant discriminative models (xxiv).  

The PLS analyses and DA classifications were performed in Matlab 6.5 using the PLS tool-
box written by Barry M. Wise et al. (xxv). 

 Logistic Regression per Wavelength  

The band selection method used in this research is based on logistic regression, which is 
an alternative procedure to discriminant analysis.  In contrast to discriminant analysis, logis-
tic regression analysis does not make any assumptions regarding the distributions of the 
independent variables.  Unfortunately, it was not possible to perform logistic regression on 
the dataset as a whole, because of the large independent-dependent variable ratio. Per-
wavelength logistic regression therefore was the method of choice in this study. 

The approach presented here was able to detect significant differences in reflectance be-
tween stressed and non-stressed leaves. The categorical response variables had only two 
values. Leaves were designated as either stressed (0) or not stressed (1). Logistic regres-
sion was performed for each wavelength for this reason, as well as to avoid the normality 
assumption.  Summary statistics are of direct interest, and often are reported as percent-
ages or proportions.  Logistic regression models these proportions as function of explana-
tory variables and provides a solution to the principle questions of which variables (wave-
lengths) are important in differentiating between stressed and healthy leaves.  
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The logistic regression model is a non-linear transformation of the linear regression. It is a 
statistical technique for making predictions when the dependent variable is a dichotomy, 
and the independent variables are continuous and/or discrete.  A simple logistic regression 
model can be stated as follows (xxvi) : 

iii YEY ε+= }{ Yi          (2) 

where Yi  are independent Bernouilli random variables with expected values E{Yi}, defined by: 
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The X observations are known constants. 

The C-index was extracted from the statistical analysis. This index was also used in the 
PLSDA technique. 

The logistic regression (xxvii) based analyses are programmed in the computational lan-
guage ‘R’, available as free software (xxviii). 

RESULTS AND DISCUSSION 
The normality of the dataset first was tested to verify which statistical analysis best should be ap-
plied to the hyperspectral dataset. Statistical techniques based on normality assumptions could not 
be used in this study. This conclusion was based on results from the Shapiro-Wilk test, as well as 
the data skewness exhibited by Rewena cultivar data from the sixth weekly measurement (Figure 
3).  High p-values (>0.2) from the Shapiro–Wilk analysis are indicative of a normal distribution, as 
well as relatively low skewness values (< 0.5). Unfortunately, 1069 wavelength variables were not 
normally distributed in this specific case (Figure 3), based on the defining parameters mentioned 
above. 

 

 
Figure 3:  Results of the Shapiro-Wilk test for normality and skewness-values.  It is clear that a 
large number of wavelength variables were not normally distributed, with associated skewed data. 
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PLSDA classification 
PLS was used, as part of the PLSDA technique, to develop a model that predicts the class number 
(0 or 1) for each sample. The model will not perfectly fit 0 or 1, but a limit can be set above which 
the sample is estimated as one and below which it is designated as zero. Score plots represented 
the predicted outcomes obtained by PLSDA.  

The following figures illustrate score plots at the beginning and end phase of the experiment for the 
susceptible Braeburn cultivar as well as for the resistant Rewena cultivar. Only the predictions for 
Y that were classified as zero are shown here.  

A B 

C D 

Figure 4: Score plots (Y values predicted as ‘0 class’) obtained by PLSDA for the susceptible 
Braeburn (A&B) and resistant Rewena (C&D) cultivar at the start (week1; A&C) and at the end 
(week6; B&D) of the experiment. 

Notice that the predicted scores for the susceptible Braeburn cultivar (Fig.4 A&B) performed better 
than those for the resistant Rewena cultivar (Fig. 4 C&D). As expected, it can be concluded that a 
bigger difference existed between the healthy and infected leaves of the susceptible cultivar as 
opposed to the resistant cultivar. 

Loading plots were made for each selected latent variable to determine which wavelength or wave-
length domain had the largest loading in the analysis.  Figure 5 shows a loading plot of latent vari-
able 1 from the Braeburn cultivar dataset for the first as well as last measurement. It is clear that 
the infrared domain (750-2500 nm) received the largest variable loadings immediately after infec-
tion, while the visible domain from 650-700 nm played an important role in the ability to separate 
spectra from healthy and infected leaves 31 days after infection. Other latent variables (LV 2, 3, 4, 
5 and 6) from day 10 focused on the domain around 550 nm and 750 nm as most important wave-
length regions. Accordingly, the wavelengths around 550 nm, 650 nm and 750nm were well repre-
sented based on the impact loadings on other latent variables (LV 2-7) from day 31. It can be con-
cluded from these results that the infection had a significant impact on the moisture level of the 
susceptible leaves during the first days after exposure. This deduction is based on the factor load-
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ings and implied presence of near-infrared regions in the analysis. However, when the scab infec-
tion was more pronounced (e.g., at 31 days), the importance of visible regions increased based on 
variable loadings. This was due to structural cell changes in the leaves induced by the biotic 
stress, while visible chlorotic lesions appeared. Since these lesions were evident to the naked eye, 
visible regions became increasingly important in the statistical differentiation. An example of a con-
trol and infected leaf of the susceptible Braeburn cultivar are shown in Figure 6. 

  
Figure 5: Loading plots for Braeburn 10 days after infection (left) and 31 days after infection (right). 

 

 

 

 

 

 

 

 

Figure 6: A picture of an untreated control (left) and infected leaf (right) of the susceptible Braeburn 
cultivar, taken 31 days after infection. 

ROC curves of the ‘Braeburn’ and ‘Rewena’ cultivars, measured 31 days after infection, are shown 
in Figure 7.  It is clear that the discriminatory performance of the PLSDA method is markedly better 
for the susceptible cultivar, as opposed to the resistant Rewena cultivar. 

A B 

Figure 7: ROC curves of the susceptible cultivar (fig A) and the resistant cultivar (fig B);  measure-
ments taken 31 days after infection. 

Logistic regression band reduction 
The spectral bands that best differentiated between classes (infected-healthy) were selected by 
the logistic regression technique as discussed earlier. The "logistic" distribution is an S-shaped 
function. The distribution constrains the estimated predicted values to lie between 0 and 1 and can 
be interpreted as probabilities of stress.  
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The graph in Figure 8 shows the relationship between the reflectance values of the stressed and 
healthy leaves and the predicted probability of stress at one specific wavelength (707nm).   

 
Figure 8: S-shaped probability curve based on logistic regression at wavelength 707nm. 

The C-index, an estimation of the discriminatory performance of the system can be calculated with 
the function ‘lrm’ in the computational language ‘R’. Figure 9 shows the value of the C-index along 
with other indicative statistical parameters (R2 and 1-P). It is clear from Figure 9 that R2 values 
were not useful to validate logistic models. It was furthermore concluded that 1-P values did not 
represent adequate significance indicators for separability of spectra of healthy and infected 
leaves. Figure 9A represents the results of the per-wavelength logistic regression from the resis-
tant Rewena cultivar measured 10 days after infection, while 9B represents the results from the 
same cultivar 31 days after infection. It was concluded that no significant spectral differences ex-
isted between healthy and stressed leaves for the resistant Rewena cultivar at the start and end of 
the measurement period. This was based on C-index values of 0.5 or less, which is indicative of no 
discrimination. Figures (C&D) represent the results of the logistic based reduction technique for the 
susceptible cultivar ‘Braeburn’.  

The statistical analysis of the susceptible ‘Braeburn’ cultivar datasets (Figure 9 C&D) clearly indi-
cated regions of the spectrum where the difference in reflectance between stressed and un-
stressed leaves was significant. The infection had a distinct influence on the reflectance spectra in 
the region around 1500nm, which is well-known for its water absorption features and cell wall 
structure. Infection by V. inaequalis has a profound effect on the distribution pattern of water and 
dissolved solute within leaf veins. Water loss from lesions furthermore is a factor in a solute trans-
port system that has been proposed as a method by which V. inaequalis acquires nutrients for 
growth under the cuticle (xxix).  Measurements taken 31 days after infection (Figure 9D) showed a 
high C-index value in the visible region and the red edge. The first spectral region of interest (556-
660nm) corresponds to the regions of chlorophyll absorption and also can be seen with the visible 
eye due to chlorotic and necrotic lesions. The reduction in chlorophyll and carotenoid content was 
regarded as a direct response to an irreversible disorganization of the chloroplasts. Scab spores 
growing into stomatal cavities can injure cells or block openings, thus preventing the exchange of 
CO2, O2 and water vapor. Scab infection hereby indirectly affects the photosynthesis of the infected 
leaf, which results in a change in chlorophyll content, the most important component in photosyn-
thesis. The red-edge region (685-715 nm) has been shown to be another stress sensitive spectral 
range. Reflectance differences are also found to be significantly different in the region between 
760 and 800 nm. These regions conform to expectations based on biophysical knowledge of the 
effect of biotic stress upon leaves (28).   
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A  B 

C D 

Figure 9: Statistical output of the logistic based technique for the resistant Rewena cultivar (A&B) 
and the susceptible Braeburn cultivar (C&D) measured 10 days after infection (A&C) and 31 days 
after infection (B&D). C-index values, R2, and (1-P) values are represented. 

The Rewena cultivar is known to be resistant to scab. In Figure 9, only the results of the first and 
the last measurements were shown. However, in the analyses of all measured time periods, it was 
remarkable that 14 days after infection the C-index reached a value of approximately 0.75 for the 
1570 nm region. This value decreased after 21 days, resulting in no significant differences be-
tween healthy and infected leaf spectra 31 days after infection. The high C-values were attributed 
to the activation of the resistance mechanism. The causality of these effects needs to be investi-
gated by extended further research.  

CONCLUSIONS  
Results suggested that acceptable predictability could be achieved using hyperspectral data and 
partial least squares discriminant analysis to classify susceptible apple plants infected with Ven-
turia inaequalis. The two statistical techniques (PLSDA and logistic regression) resulted in the se-
lection of similar spectral domains (1300 -1700nm and 550-750nm in well-developed stage) for the 
differentiation between spectra from healthy and infected leaves. 

Inoculation of apple leaves with a scab suspension resulted in leaf chlorosis in the case of the sus-
ceptible Braeburn cultivar. Stress therefore could be detected effectively at the end of the meas-
urement cycle using visible wavelength bands. The statistical methods also were capable of de-
tecting differences in reflectance responses before they were visible to the naked eye.  

In conclusion, the spectral domain between 1300-1700 nm proved to be the most effective region 
to separate stressed from healthy leaves immediately after infection. As the scab infection pro-
gressed, the visible wavelengths became more important in the case of the susceptible Braeburn 
cultivar. The resistant Rewena cultivar appeared to have a short time-span 14 days until 21 days 
after infection where a difference could be detected between healthy and infected leaves. Although 

686



© EARSeL and Warsaw University, Warsaw 2005. Proceedings of 4th EARSeL Workshop on Imaging Spectroscopy. New quality in environmental studies. 
Zagajewski B., Sobczak M., Wrzesień M., (eds)  

 

this sudden appearance/disappearance of stress detection ability was attributed to the activation of 
the resistance mechanism, further research is needed to discover the causality of these effects. 

These results suggest that it could be possible to detect biotic plant stress using remote sensing. 
This is of significant importance to the agricultural market. For instance, an early warning system, 
based on spectral inputs, would be an ideal solution to the enforced reduction of pesticide use. 
Farmers only have to apply pesticides when abnormalities are detected in the normal growth pat-
tern of the plants.  This study therefore has important implications for biotic stress detection and 
management in apple orchards. At-satellite measurements will enable managers to obtain frequent 
hyperspectral coverage of large areas, thereby making continuous monitoring of biotic stress in 
apple orchards a reality. 

FUTURE RESEARCH 
Further research on this topic will concentrate on alternative statistical methods, such as tree-
based modeling and neural networks.  In-depth research also is required in order to define the ex-
act biophysical mechanisms that are linked to specific wavelength ranges. 
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