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Abstract 
In this work, we have used multispectral imaging technology to classify cassava leaves infected by 
African mosaic virus by the use of their unique spectral finger print. The spectra are extracted 
from transmission, reflection and diffusion of their multispectral images; they have been then 
analyzed with statistical multivariate analysis techniques. Principal component analysis (PCA) has 
been used followed by K-means and Ascending Hierarchical Classification (AHC) to endorse the 
classification. The contribution of this work is the use of multispectral imagery which binds both 
spatial and spectral information to differentiate and sort infected leaves. The results show that the 
multimodal and imaging spectroscopy may allow blind identification and characterization of in-
fected leaves. 
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1. Introduction 
Cassava is a food crop in the humid tropical zone. Ivory Coast produces about 1.7 million tons with yields rang-
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ing between 5 and 8 tons per hectare [1]. Every year in Ivory Coast, some major factors reducing the production 
of cassava are bacterial, viral and fungal diseases and nematodes [2]. Among the diseases, African cassava mo-
saic induces important yield losses in cassava. The symptom due to African cassava mosaic virus (ACMV) is 
leaf deformation, leaf narrowing and stunting of the plant [3]. African cassava mosaic virus has been studied by 
many researchers. In 1994, BCA hohuendo and S. Sarkarmadeanultra-structural study of plant cells was infected 
by the virus using the method of electron microscopy to characterize the cellular components of healthy and in-
fected leaf tissues [4]. A study conducted in 2009 also focused on a statistical approach for visual diagnostic of 
symptoms of ACMV on plant leaves in order to show viral resistance by grafting [5]. Other researchers made a 
classification of species of cassava plants in the 1970’s [6]. The study of the transmission of ACMV is not ob-
served by light microscopy and electron microscopy [7]. In Africa namely in Ivory Coast, no work is done on 
the multi-spectral imaging for spectral characterization of symptoms caused by ACMV. Multispectral micro-
scopy is an expanding area and its applications range from medical diagnostics to the environment passing by 
agriculture. It is a coupling between optical spectroscopy and microscopy. This method determines a correlation 
between the spatial and spectral information resulting from the light-matter interaction. Indeed, for a given wa-
velength, we obtain a multivariate image resulting from two spatial dimensions that determine a point or pixel of 
the image and a spectral dimension which is the spectrum associated to the pixel. 

We propose in this work a study based on multi-spectral imaging to characterize some symptoms caused by 
ACMV. 

2. Materials and Methods 

2.1. Biological Sample 

Samples were collected during a prospection in a cassava field in the north of the National Polytechnic Institute 
Felix Houphouet-Boigny (INP-HB) Yamoussoukro/Ivory Coast. All the leaves were practically infected by the 
African cassava mosaic. We selected three leaves of cassava plants: 
- A healthy leaf as a reference; 
- An infected leaf in which the limb has been deformed; 
- An infected leaf in which there has been a color change on its interface. 

2.2. Methods of Data Acquisition 
The data acquisition system has been described in [8] [9]. The classical luminous sources have been removed 
and replaced for all modes, by a set of 13 LEDs, ranging from 375 nm to 940 nm. This enables the spectral cov-
erage of this region with a mean step of 40 nm. The initial mechanical oculars are substituted by a monochrome 
camera CMOS 12-bit (2592 × 1944, Guppy-503B, Vision Allied Technology, with a sensor of MT9P031 mi-
cron/Aptina), with a pixel size of 2.2 μm × 2.2 μm, which is used to acquire images. The system acquires auto-
matically a total of 39 spectral images; 13 images by mode), for the same scene using a data acquisition card 
(NI-DAQ) coupled to a computer, which controls the intensities of current for fine adjustments. In this work, we 
visualized the leaves naturally infected by the African cassava mosaic with three modes, transmission, reflection 
and scattering, because they better reveal the presence of substances in the cell. The thirteen luminous sources 
are sufficient to study the optical properties of biological cells [10]. We get images of leaves infected by ACMV 
and their spectra of transmission, reflection and scattering (see results below). 

2.3. Data Analysis 
The images that we treated are of three dimensions, characterized by two spaces: the image space that accounts on 
the spatial dimension and spectral space representing the spectral dimension. The regions of interest correspond to 
the images of cassava leaves. In these regions, the objects, which are analyzed and should be characterized, are the 
naturally stressed leaves by ACMV. In image space, each of those objects is characterized by a repartition of in-
tensities of the pixels representing them; objects are observed following 13 channels. If N is the number of 
channels corresponding to spectral bands, each pixel observed along the N channels will be represented by a 
vector X belonging to a sub vector space of dimension N. The objective of this work requires that the X vectors are 
identified and grouped into M classes corresponding to different symptoms caused by ACMV present in the leaf. 
The data analysis method can be summarized by the flow chart below (see Figure 1). 
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Figure 1. Data analysis process.                                                   

3. Results and Discussion 
3.1. Results 
We have images of 75 cassava leaves (25 healthy leaves, 25 leaves with deformed limb, 25 light-green and dark 
green leaves). The microscopic image shows a difference in transmission mode, reflection and scattering (see 
Figure 2). 

The spectral signatures of healthy and infected cassava leaves by the African cassava mosaic in the three 
modes have redundancies of information (Figure 3). To reduce this redundancy by keeping the maximum of in-
formation, we will apply the method of principal component analysis [11]. By applying PCA we have con-
densed the data for each vector X into new groups so that they don’t present any correlation between them and 
are ordered in terms of the percentage of variance brought by each component. Thus, the first principal compo-
nent contains information related to the maximum variance, the second contains information related to the fol-
lowing variance. The process is repeated up to the nth principal component. The loss of information decreases 
from one stage to the next. So we obtain the principal component iY  with 1, ,  and 13i I I= ≤ . We have:  

( )N j
i j i ij iY V X X

=
 = − ∑  

These averages are used to calculate covariance and correlations between variables iX  and ( )iX i j= . 
jV : Represents proper vectors associated with proper values calculated from the polynomial of the matrix of 

covariance S: 

( ){ }
13 13

Cor ,i jS X X
×

=  

However, the quality of the estimates, which led PCA, depends on the choice of the number of components 
retained to reconstruct the data, or the dimension of the subspace representation. So we have from the Eboulis 
criterion [12], which is a graph presenting the decreasing of the proper values reducing the number of dimen- 
sionality. The principal consists to search for if there is an “elbow” in the graph for each mode and keep only the 
proper values up to this elbow (Figure 4) for the selection of principal components. According to the Eboulis 
graph: 
- Components 1and 2 can better describe our data in transmission and scattering mode; 
- The components 2 and 3 also better describe our data in reflection mode; 
- The projection of transmission, reflection and scattering mode in two dimensional pace of these principal 

components retained gives us the graphs in Figure 5. 
Two or three classes are formed according to these projections in the three geometries. Healthy cassava leaves 

form a class, but the two leaves naturally infected by the African cassava mosaic seem to form a class together 
or two classes if the infected leaves are considered in the same class. 

The results of our principal component analysis are difficult to interpret physically because certain points 
have a great dispersion compared to elements of their class [13]. So we made recourse to two cluster analysis 
methods: Ascending Hierarchical Classification and K-means classification. Both methods were applied to the 
data after the PCA. Graphs of Figure 6 gave the results after application of the Ascending Hierarchical Classifi- 
cation (AHC) and the K-means method. 

The result of this classification method we give three distinct elements in transmission, reflection and scat- 
tering namely blue (healthy leaf), green (limb of a deformed leaf), red (bright-green and dark-green leaf). We 
have proposed another method (Ascending Hierarchical Classification or AHC) to verify the performances of 
K-means. After applying AHC, we have: 



M. Sangare et al. 
 

 
264 

     
(a1)                               (a2)                                (a3) 

   
(b1)                               (b2)                               (b3) 

   
(c1)                               (c2)                               (c3) 

Figure 2. Color sample images of cassava healthy (a1, b1, and c1), deformed (a2, b2, and c2), and pale-green (a3, b3, and c3) 
leaves, in transmission (a1, a2, and a3), reflection (b1, b2, and b3) and scattering (c1, c2, and c3) modes.                  

 
- A class in transmission mode;  
- Three distinct classes in reflection mode; 
- Two classes in diffusion mode (see the representation graphs in Figure 7). 

The objective to verify the spectral characterization of our samples using the hierarchical cluster method was 
not attained. The collected samples were distinguishable with the naked eye. We just wanted to check that with a 
statistical approach to study their photosynthetic effect with the technique of optical spectroscopy. We can say 
that the K-means method is an ideal technique in our study. Finally, we get three distinct classes (graphs in Fig-
ure 8) after the analysis of the optical spectra means. 

3.2. Discussion 
3.2.1. In Transmission Mode 
The healthy cassava leaf (class 1), has a light transmission variation in terms of intensities from ultraviolet to 
near infrared according to thirteen wavelengths used. Such behavior is explained by the fact that the healthy leaf 
is formed of exposed chloroplasts to daylight; and visually, it was not green. Thus, the healthy cassava leaf can’t 
resist the attack by the African cassava mosaic because it doesn’t normally play the role of photosynthesis. Its 
rate of chlorophyll concentration varies from one wavelength to another. At this point, during the young age, the 
healthy leaf has a high vulnerability to African cassava mosaic. Despite this variation of chlorophyll pigments, a 
cassava plant formed of healthy leaves can give a good yield. However, in the same bands used in transmission 
mode, the two infected leaves by the African cassava mosaic that we have studied similar spectral signature. The 
spectrum of the limb of a cassava leaf deformed (class 2) by this virus has a higher level of transmission in terms  

 Cassava leaf healthy  Cassava leaf deformed Cassava leaf pale-green

 Cassava leaf healthy  Cassava leaf deformed Cassava leaf pale-green

 Cassava leaf healthy  Cassava leaf deformed Cassava leaf pale-green
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(a) 

 
(b) 

 
(c) 

Figure 3. Comparison of healthy, deformed and pale-green leaves spectra in transmission (a), reflection (b) and scattering (c) 
modes.                                                                                                  
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(a) 

 
(b) 

 
(c) 

Figure 4. Comparative Eboulis representation of cassava leaves in transmission (a), reflection (b) and scattering (c) modes.     
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(a) 

 
(b) 

 
(c) 

Figure 5. Comparative projection of cassava leaves infected by the African cassava mosaic virus in transmission (a) reflec-
tion (b) and scattering (c) modes, using PC1 and PC2 mode using PC1 and PC2.                                      
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(a) 

 
(b) 

 
(c) 

Figure 6. Projection of infected cassava leaves by the African cassava mosaic virus in transmission (a), reflection (b) and 
scattering (c) modes, using K-means.                                                                         
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(a) 

 
(b) 

 
(c) 

Figure 7. Projection of stressed cassava leaves by the African cassava mosaic virus in virus in transmission (a), reflection (b) 
and scattering (c) modes, using AHC.                                                                        
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(a) 

 
(b) 

 
(c) 

Figure 8. Spectral representation of the different classes 1, 2 and 3 in transmission (a), reflection (b) and scattering 
(c) modes.                                                                                        
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of intensities than a clear-green and dark-green leaf (class 3). Generally, when a plant leaf transmits maximum 
light, we affirm that its chlorophyll concentration rate isn’t important [14]. In this case, we can say that this in-
fected leaf (class 2) doesn’t normally play the role of photosynthesis. Nevertheless, a clear-green and dark- 
green leaf (class 3) absorbs the maximum of wavelength in terms of intensities according to our selected spectral 
bands characteristics. Its rate of chlorophyll concentration is sufficient to answer the phenomenon of photosyn-
thesis to resist the ACMV. The effect of this infection hasn’t influence on the crop. In terms of intensity, we dis-
tinguished the spectroscopic behavior of infected leaves in which the characteristics are different. In transmis-
sion mode, the stress produced by a clear-green and dark-green leaf (class 3) gives a better yield than a stress 
emitted by a leaf in which the limb is deformed (class 2) by the virus of African cassava mosaic. 

3.2.2. In Reflection Mode 
From visible to near infrared depending on the thirteen wavelengths, the selected samples have similar spectral 
behavior in reflection mode. In terms of intensities, the healthy cassava leaf (class 1) reflects more light than the 
leaves infected by ACMV. On the other hand in the ultraviolet, the visible and at 940 nm, the spectral signature 
of a leaf in which the limb has been deformed by this virus (class 2) reflects less light than a light-green and 
dark-green leaf (class 3). We observe a contrary effect for the other wavelengths in the near infrared. Some stu-
dies have shown that when the reflectance and transmittance are related to the optical properties of plant leaves, 
a stress can cause degradation of chlorophyll pigments by increasing the reflectance and transmittance in the 
visible [15]. Their transmittance and reflectance are not related to their biochemical content and their anatomical 
structure depends on environmental factors and species. Therefore in reflection mode; the stress produced by 
these infected cassava leaves has an influence on the crop yield. However, the multi-spectral imaging technique 
applied to our infected samples showed that the reaction of these two infected leaves will not cause a degrada-
tion of chlorophyll pigments in the three bands (375 nm - 940 nm). 

3.2.3. In Scattering Mode 
The spectral signature of the healthy cassava leaf (class 1), has a higher light scattering variation than the spectra 
of infected leaves (class 2 and class 3) in terms of intensity from ultraviolet to near infrared according to the 
thirteen wavelengths used. The infected leaves have the same spectral behavior according to the bands used. In 
terms of intensity, the limb of a deformed leaf (class 2) by the African cassava mosaic diffuses more light than a 
light-green and dark-green leaf (class 3) in the spectral lines from ultra-violet to the near infrared. This strong 
diffusion may be due to cellular interfaces air-walls [15]. We notice that when a cassava leaf absorbs less chlo-
rophyll, it will diffuse more light. This applies to a leaf infected by ACMV. Thus, we can assert that this phe-
nomenon may be due to the geometric (shape and size), optical (reflection, transmission, absorption, etc.) and 
physical-chemical properties (temperature, water content, leaf chlorophyll, soil organic matter...) etc.  

4. Conclusion 
After characterizing the leaves infected by the virus of African cassava mosaic, we notice that with the applica-
tion of techniques and approaches used in this article, our imager is able to differentiate the spectroscopic beha-
vior of cassava leaves infected by this virus in three modes (transmission, reflection and scattering). It stands out 
from this study that the diseased leaves because of the African cassava mosaic have a production yield which 
depends on their optical properties. The optical spectral analysis and the formation of multi-spectral images pro-
vide powerful means to characterize samples in a large variety of applications. We will continue this study to 
characterize the evolution of infected leaves by ACMV in Ivory Coast using multi-spectral imaging. 
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