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Abstract: The study focused on short-time vegetation stress monitoring mapping using machine learning 
technique. Two Russiches Basilicum plants were experimented to observed changes in plants health trend by 
measuring the vegetative indices. One of the plants was regularly watered and exposed to sunlight to absorb 
chlorophyll while the other plant was deprived of water and exposure to sunlight. Cannon Rebel Tli 500D NDVI 
camera with two bands of near infrared and blue was used to capture the images of both plants daily. Three 
vegetation indices of Normalized Difference Vegetation Index (NDVI), Transformed Difference Vegetation Index 
(TDVI), and Infrared Percentage Vegetation Index (IPVI) were computed as basic indices for vegetation stressed 
map evaluation and observation. MATLAB multi-paradigm programming language and numeric computing 
was used for the image processing and calculation of values for various vegetation indices computed for this 
project. K-means unsupervised classification method was used to separate the background from the foreground 
for robust analysis by assigning labels of 0 to the background and 1 to the foreground. The plant pixels were 
categorized into0.2 – 0.4 as normal, 0.4 – 0.6 were moderately healthy, and above 0.6 as healthy. A time series 
analysis of the various indices was carried out to visualize the result in graphs in order to evaluate and compare 
the trend of depreciation of the unhealthy plant as well as growth trend of the healthy plant. The result shows 
that the stressed plant died after 38 days with 0 pixel count of its health condition while the healthy plant still 
continue to blossom arithmetically at the average pixel count of 509 pixel growth increased daily. 

Keywords: Vegetation health; normalized difference vegetation index; infrared percentage vegetation index; 
transformed difference vegetation index; machine learning 
 

1. Introduction 
Vegetation stress is caused as a result of negative environmental effects on the health of a plant. 

Unfavorable environmental conditions affect plants’ metabolism, growth or development (Niemann 
and Visintini, 2005). When plants are subjected to less than ideal conditions required for their growth, 
they tend to be under stress. Vegetation stress can be induced by various natural and anthropogenic 
stress factors. Thus a differentiation can be made between short and long time stress effect as well as 
between low stress events which can be partially compensated for, by accumulation, adaptation and 
repair mechanisms (Wulder et al., 2019). 

According to Abdulah et al. (2018) their observations shows that the majority of spectral 
vegetation calculated from Sentinel-2 especially red-edge dependent indices and water-related 
indices were capable of discriminating healthy plants from infested ones efficiently. However, in the 
case of Landsat-8, only water-related indices such as NDWI, DSWI and RDI were able to differentiate 
between healthy and unhealthy portions of the plantation (Abdulah et al., 2018). In recent time, there 
has been increase in the rate of insect outbreaks attack of green plants as widely documented across 
different part of the world (Wulder et al., 2013; Seidi et al., 2014).  Foliar chlorophyll and leaf water 
content are significantly higher in healthy plants than pest attacked plants (Abdulah et al., 2018). The 
Vegetation Indices VIs from multispectral optical sensors are always saturated when monitoring 
dense and heterogeneous canopies (Rischbeck et al., 2016), this however affects the application of VIs 
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in monitoring crop status during high vegetation coverage stages. Hence, the structural, thermal, and 
textural features extracted from UAV-based or other aerial multi-sensors (for instance, multispectral, 
RGB, and thermal infrared cameras) have proven suitable for predicting various plant traits in 
previous studies. Canopy structure information, such as canopy coverage or vegetation fraction, has 
been useful to determine basal crop coefficient Kc (Pereira et al., 2020) and LAI (Nielsen et al., 2012; 
Li et al., 2018). 

In a study by Wulder et al. (2019), their vegetation survey showed that timely, accurate and cost-
effective remote sensing information is highly useful to control green plants attack by the insects or 
affected by other extreme natural or human factors. The stressed green plants may reflects 
physiologically green but reveal stress in near infrared (Niemann and Visintini, 2005). Detection of 
stressed in green plants in any in olden days involve field survey by the farmers or foresters but this 
process is laborious, time consuming and not suitable for large plantation study. Remote sensing 
techniques provide the opportunity to detect and map the infested portion of plantations especially 
the large one by relying on spectral signatures from different regions of electromagnetic spectrum 
(Dada and Hahn, 2021; Dada and Dada, 2020). The uniqueness in spectral signatures have been linked 
to different functional and structural plants traits including pigments at 400 – 700nm, leaf structure 
at 700 – 1100nm and water content, nitrogen concentration, Leaf Area Index as well as specific Leaf 
Area at 1100 – 2400nm (Gitelson et al., 2015; Ali et al., 2016). Vegetation stress affects spectral 
signature. The deficiencies of chlorophyll and nitrogen may lead to increase in reflectance in the 
visible band (Adullah et al., 2018). Hence, the wavelength region has been used by many researchers 
as a stress indicator when utilizing remote sensing data (Hendry et al., 1987). 

The mapping and vegetation species distribution monitoring as well as its quantity and quality 
are vital technical tasks in sustainable vegetation management. The tasks include a wide range of 
functions comprising natural resources inventory and assessment, fire control, wildlife feeding, 
habitat characterization, and water quality monitoring in a particular time or over a continuous 
period (Carpenter et al., 1999). It is also important to take into consideration spatial information 
consisting of magnitude and quality of vegetation cover so as to initiate vegetation protection and 
restoration programme (He et al., 2005). 

Studies have shown that utilization of spectral vegetation indices (SVIs) from analysed low and 
medium resolution satellite data for bark beetle infestation study revealed strong results on two 
infestation stages of red and grey (Franklin et al., 2003; Itais and Kucera, 2008; Havasova et al., 2015; 
Meddens et al., 2013; Poças et al., 2020). However, results of processed data from high spatial 
resolution commercial remote sensing such as Worldview-2, Rapideye and HyMAP airborne hyper 
spectral revealed effective forest management, early detection of infestation and timely intervention 
to reduce outbreak is a strong key (Filchev, 2012; Immitzer and Atzberger, 2014; Ortiz et al., 2013; 
Lausch et al., 2013). Findings by Rullansilva et al. (2013) revealed that the combination of different 
spectral regions is closely related to biophysical and biochemical properties of foliage vigour 
associated with plants health can of course be applied to detect morphological and physiological 
changes caused by insect outbreaks in the forest canopy. The use of SVIs vegetation study as 
employed by Jackson and Huete (1991) and Darvishzadeh et al (2009) to study the interpretation of 
vegetation signals in remote sensing data measurement of vegetation status while minimizing solar 
irradiance and soil background effects show improved result in vegetation health status at the early 
period and also an effective means of vegetation management (Liang et al., 2020; Qiao et al., 2019; Seo 
et al., 2019). Hence, study by Mutange and Rugege (2010) found out that remote sensing of wetland 
vegetation has some peculiar challenges that require careful consideration in order to obtain 
successful results using multispectral and hyperspectral remote sensing for wetland mapping. It 
therefore focuses on providing fundamental information relating to spectral characteristics of 
wetland vegetation, discriminating wetland vegetation using broad and narrow bands, as well as 
estimating water contents, biomass, and leaf area index. Study by Shao et al., 2023 revealed that the 
combination of developed models of crop coefficients (Kc) estimation using unmanned aerial vehicle 
(UAV) remote sensing and machine learning (ML) technique proved potent for predicting maize crop 
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coefficient and of course provide a promising tool that help farmers make decisions using timely 
mapped crop water consumption, especially under water shortages or drought conditions. 

There have been several studies on mapping stress of green plants using various remotely 
observed sensors at a field scale based such as on multispectral VIs, SWC, and LAI using machine 
learning methods (Shao et al, 2021; Shao et al., 2023; Chen et al., 2020; Dada et al, 2023). According to 
Dada et al.(2023), remote sensing technique is suitable for tree crops or plants variation mapping 
guided by vegetation analysis to determine the gradual loss and regain of vegetation in the study 
area. The focus of various researchers on this field has been on the large scale tree plants observation 
while fewer studies were conducted on the perennial and arable crops on a smaller scale (Dada and 
Hahn, 2021; Dada and Dada, 2020).  However, few studies have reported remote sensing methods 
based on multispectral RGB, and infrared information combine with machine learning using novel 
models, such as NDVI, TDVI and IPVI, hence in this study. Therefore as the research gap, the specific 
objective of this study is to examine the short-term healthiness rate of well nurturing plant and 
depreciation trend of unhealthy one by processing daily extracted image of RGB and infrared sensors 
using machine learning method. 

2. Materials and Methods 
2.1. Plant Samples and Dark Background for Image Capturing  

Two Basilikum Russisch plants were chosen for the purpose of this study. The Basilikum plant 
was chosen because of its high sensitivity to water and sunlight and could easily be stressed if there 
is deficiency of any of these phonological factors. These make it ideal for the study since the 
investigation focused on short timeframe and choosing a resistant plant variety would not be suitable. 
One plant was constantly watered and exposed to sunlight whilst the other was deprived of both 
sunlight and water for the whole duration of the study. Both plants were observed each day and 
images were captured for processing and analysis (Figure 2.1 and 2.4). 

 
Figure 2. 1:Sample vegetable plants (Basilikum Russisch). 

To allow for easy separation of the plant in the imagery and also to reduce the effects of reflection 
of the sun beam on the quality of the imagery, a dark background was used. The plant was positioned 
in the dark in the box which was lined with a matt black material during the image acquisition. The 
dark background station was fixed to point to maintain the same orientation for all the images taken 
to avoid any form of bias (Figure 2.2). 

2.2. Canon Rebel 500 NDVI Camera 
The canon Rebel 500 NDVI camera which captures images in the blue and near infrared band 

was used for image acquisition. It has a resolution of 12.2 Megapixels and has a focus of 17-
35mm(www.max-max.com). This makes the cameral ideal for image for this research because of high 
resolution image capturing (Figure 2.3). 
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Figure 2. 2 and 2.3: Dark background and Canon Rebel 500 NDVI camera. 

2.3. Image Capturing and Processing Software (Matlab) 
Images of both plants were captured periodically to investigate the changes in their health. 

Photographs of the two plants were captured under the same conditions. A focal length of 35mm was 
used throughout the image acquisition and it was also ensured that the orientation of the camera with 
respect to the plant’s position was kept constant (Figure 2.3). The plant’s position was marked to 
ensure that same position is maintained in all the images captured. To minimize the influence of the 
reflection from the sunlight, the dark background was used. Additionally, the photographs were 
taken in the evening when it’s relatively dark and the influence of the sunlight is minimal (Figure 
2.4). 

The images captured were processed in matlab. To do this successfully, the image processing 
toolbox license was required. This is a matlab library which contains algorithms, functions and 
applications for the processing, analysis and visualization of imagery (www.mathworks.com). 

2.4. Image Processing 
In order to achieve the main objective of the study, the plants images captured were read into 

matlab and processed to be separated into blue and near infrared bands. In the Canon Rebel 500 
NDVI camera used for capturing, the near infrared band was calibrated as the first band, whilst the 
blue band is recorded as the third band. The second band constitutes noise in the imagery and hence 
was not used in the computation of the indices (Figure 2.5 and 2.6). 
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Figure 2. 4: Project Workflow. 
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Figure 2. 5: Near Infrared band Image. 

 
Figure 2. 6: Blue band Image. 

2.5. Computation of Vegetation Indices 
Vegetation information obtained remotely through sensors as images can be interpreted by 

differences and changes in the green leaves of plants and canopy spectral characteristics. The 
commonly adopted validation process is through direct or indirect correlations between vegetation 
indices collected and vegetation characteristics of interest observed in situ including Leave Area 
Index, biomass, growth and vigor assessment (Jinru and Baofeng, 2017).  Healthy plants generally 
have a high reflectance in the near infrared band. By measuring the near infrared reflectance from a 
plant, the healthiness can be determined. This is achieved by computing the vegetation index of the 
plant. There exists various vegetation indices, however for the purpose of this research, three main 
vegetation indices were considered. These include: Normalized difference Vegetation index (NDVI), 
Infrared Percentage Vegetation Index (IPVI) and Transformed Difference Vegetation Index (TDVI). 
Images of the various plants under investigation were captured and then processed to compute 
various vegetation indices. The results were then analyzed to determine the rate of deterioration and 
improvement of the plants health. 

This study was carried out using NDVI camera, Canon Rebel 450D which capture images in both 
near infrared and blue bands. However, an RGB camera EOS 350D was also adopted to capture the 
image to explore the possibility of calculating the Enhanced Normalised Vegetative index (ENDVI) 
with an additional band. Over the years, various researchers have carried out investigations into 
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vegetative index computation and have proposed many other indices. However, NDVI remains the 
most popular index for monitoring plants’ health. NDVI is an index that combines visible and near-
infrared bands of the electromagnetic spectrum. NDVI is normally computed as: NDVI = (NIR – Red)/ 
(NIR + Red), however since the NDVI camera used during this study captured images in only the 
NIR and Blue bands. A different formulation of the NDVI formula (NIR – Blue)/ (NIR + Blue) 
(www.max-max.com), was used. The various vegetation indices were computed for each of the plants 
for the days on which the images were captured. 

Computation of NDVI 
Normalise Difference Vegetation Index is calculated through a normalization process, the NDVI 

values ranges between 0 and 1with a sensitive response to green plants even for low vegetation 
covered areas (Gamon et al., 1995; Grace et al., 2007). A modification of the NDVI formula was used. 
Since the camera does not capture images in the red band, the following formula was used in 
calculating the NDVI. 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = (𝑁𝑁𝑁𝑁𝑁𝑁−𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵)
(𝑁𝑁𝑁𝑁𝑁𝑁+𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵)

    1 

Computation of IPVI 
Another vegetative index, Infrared percentage vegetative Index (IPVI) which was developed by 

Crippen in 1990 was also computed for each plant and each of the observation days. The IPVI 
computes the percentage of the infrared reflectance of the total reflectance. This method is 
functionally equivalent to the NDVI, however it requires a much less computation time. IPVI values 
range from 0 to 1 (Jinru and Baofeng, 2017). 

The formula implemented in matlab is as follows: 
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝑁𝑁𝑁𝑁𝑁𝑁

𝑁𝑁𝑁𝑁𝑁𝑁+𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵
      2 

Computation of TDVI 
The Transformed difference vegetative index published by Bannari, Asalhi, and Teillet (2002) 

was also computed and compared with IPVI and NDVI trends. 
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 1.5 ∗ ⌈ (𝑁𝑁𝑁𝑁𝑁𝑁−𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵)

�𝑁𝑁𝑁𝑁𝑁𝑁2+𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵+0.5
⌉   3 

2.6. Classification of Plant Pixels 
After the computation of the various indices, the next step was the classification of plant pixels. 

In order to identify which reflectance values represented the plant, the NDVI image histogram was 
used. When the histogram was plotted, it was realized that the two clusters were clearly separated. 
The background which formed one cluster and the plant which formed another cluster could be 
identified. From the histograms it was realized that there were two peaks. The beginning of the 
second cluster could easily be identified from the histogram. This represented the foreground (plant) 
(Figure 2.7).The following ranges were based on NDVI classification ranges provided by the 
ENDELEO project which was classified as follow: 0.2 - 0.4: Normal, 0.4-0.6:  Moderately healthy, > 
0.6:  Most healthy (Devriendt et al., 2010). 

Background Separation and Computation of the number of healthy pixels 
In order to perform computation and analysis on the plant pixels alone, the plant pixels were 

separated from the background pixels. To monitor the health of the plant, the number of pixels with 
NDVI value greater than 0.6 was calculated for each image to determine whether the health of the 
plant was improving or deteriorating.  
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Figure 2. 7: Image histogram of plant. 

2.7. Classification of Image 
The image was classified into foreground and background, K-Means classification algorithm was 

implemented in matlab and used .This was done by first converting the three band image into a single 
“LAB” color-space image. The size of the ‘LAB’ image was reshaped to the size of the original image 
after which two clusters were defined to represent the background and the foreground. The pixels 
were then labeled with the numbers representing the clusters. A binary image was produced with 
the labels. The binary image produced by the k-means classification was modified. The background 
pixels were assigned a label of ‘0’ whilst the foreground pixels were assigned a value of ‘1’ (Figure 
2.8 and 2.9).This resulted in an image mask which was multiplied by the vegetative index image to 
eliminate the reflectance of the background pixels, hence the background was removed. 

 
Figure 2. 8: Binary mask. 
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Figure 2. 9: Image with removed background. 

3. Results and Discussion 
3.1. Computation of Mean Daily Index 

The mean daily vegetative index for each of the plants was computed by finding the mean values 
of the IPVI, NDVI and TVI. These values represented the Vegetation index for each day of 
observation. The various values were plotted against the days of observation and a trend of the 
observations was determined. The mean daily indices and the number of pixels of the healthy plant 
parts are computed and compared in the table 3.1. 

Analysis from table 3.1 revealed the result of daily variation or changes in the vegetation indices 
of both healthy Plant referred to as Plant A and stressed plant also known as Plant B. The extent of 
healthiness and depreciation level of the stressed plant is measured by the number of pixels occupied 
by each of the plants for 28 days which is the duration of the experiment when the stressed plant 
(Plant B) stopped living at all. From the first day of the study in fourth of May, 2016, the aggregate of 
the three vegetation indices of NDVI, TDVI and IPVI  of the healthy plant (Plant A) was 2086712 
pixels while that of stressed plant (Plant B) occupied 397531 pixels. This indicates that both plants 
were at their best blossom state but plant B was healthier and thrived than it counterpart. As the time 
advanced from the third day of the experiment, plant A improved in its health status to occupied the 
total pixels of 2453313 while that of plant B commenced its depreciation to 212499 pixels. This marked 
the beginning and first stage of the observation of the exposure of wetting plant A with adequate 
water at appropriate time and exposed same to sunlight for access to chlorophyll while plant B was 
deprived of these essential resources (Figure 3.7).  

The next stage in the analysis was the beginning decline of the stressed plant (plant B) and the 
gradual increased in the healthiness status of Plant A (healthy plant). That is the stressed plant 
depreciated from its peak at 399021 pixels on the second day (5/5/2016) of the experiment to 0 pixel 
when the plant became completely dead on the 27th days of the experiment (10/6/2016). The health 
condition of the Plant B (unhealthy plant) depreciated due to the condition the plant was subjected 
to such as water and sunlight deprivation. This shows that, Russiches Basilicum plant cannot survive 
outside water and sunlight for 27 days. The healthy plant (plant A) on the other hand, the health 
status of this plant appreciated tremendously from the 2nd day (5/5/2016) from 2086712 pixels to its 
peak at 4913780 pixels on the 11/6/2016 which was the last day of the experiment (Figure 3.8).           

Table 3. 1: Daily NDVI,TDVI and IPVI indices for healthy and stressed plants and daily monitored 
health status pixels calculation. 

Date Plant A 
NDVI 

Plant A 
TDVI 

Plant A 
IPVI 

Health 
condition 

Plant B 
NDVI 

Plant 
B 
TDVI 

Plant B 
IPVI 

Health condition 
pixel no in B 
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pixel no in 
A 

4-5-2016 0.5573 1.0679 0.7765 2086712 0.5082 1.0023 0.7541 397531 
5-5-2016 0.5573 1.0679 0.7663 2086712 0.505 0.9982 0.76 399021 
6-5-2016 0.5475 1.0520 0.7804 2453313 0.4848 0.9703 0.7472 212499 
7-5-2016 0.5381 1.0358 0.7667 2605717 0.4902 0.9777 0.749 18003 
8-5-2016 0.5363 1.0369 0.7608 2517104 0.4969 0.9877 0.7546 259418 
9-5-2016 0.5404 1.0427 0.7710 2719444 0.4739 0.9527 0.7234 151183 
11-5-2016 0.5366 1.0525 0.7673 2604557 0.4778 0.961 0.742 160966 
12-5-2016 0.554 1.0579 0.7820 3129870 0.4809 0.9647 0.7462 186586 
13-5-2016 0.5324 1.0298 0.7663 2908670 0.4873 0.972 0.7507 235232 
15-5-2016 0.5458 1.0460 0.7725 3500470 0.3947 0.8333 0.7055 32345 
16-5-2016 0.5301 1.0263 0.7640 3106565 0.394 0.8329 0.4203 30760 
18-5-2016 0.5521 1.0567 0.7762 3378703 0.3267 0.7271 0.6619 2304 
19-5-2016 0.546 1.0478 0.7726 3451196 0.3122 0.7023 0.4114 593 
20-5-2016 0.5494 1.0515 0.7743 3767465 0.241 0.571 0.3738 469 
22-5-2016 0.5626 1.0151 0.5682 5373199 0.2218 0.5 0.38 404 
27-5-2016 0.5856 1.0864 0.7977 5512211 0.22 0.4912 0.4086 21 
28-5-2016 0.5538 1.0605 0.7754 3837543 0.2129 0.491 0.3602 14 
29-5-2016 0.5398 1.0412 0.7666 3325143 0.2449 0.49 0.3876 12 
30-5-2016 0.523 1.0201 0.7560 2606545 0.2002 0.4883 0.355 9 
1-6-2016 0.5366 1.0364 0.7668 3547954 0.2657 0.6149 0.3853 5 
2-6-2016 0.5582 1.0730 0.7736 3757092 0.2199 0.5255 0.3776 3 
3-6-2016 0.5663 1.0760 0.7858 4527577 0.2061 0.5005 0.38 3 
5-6-2016 0.5696 1.0766 0.7621 4579065 0.1859 0.4576 0.3422 2 
6-6-2016 0.5643 1.0729 0.7646 4749141 0.183 0.448 0.3575 2 
8-6-2016 0.5647 1.0777 0.7691 4912710 0.1825 0.432 0.3978 1 
9-6-2016 0.5648 1.0844 0.7577 4912820 0.182 0.41 0.3543 1 
10-6-2016 0.566 0.0858 0.7562 4913271 0.18 0.379 0.4287 0 
11-6-2016 0.567 1.0868 0.7581 4913780 0.177 0.347 0.3923 0 

The NDVI analysis trend of the result as shown in the best fit line of figures 3.1 and 3.2 revealed 
gradual increased in the NDVI values of the healthy plant (Plant A) and vice versa in the NDVI values 
of the stressed plant (Plant B). I t should be noted that NDVI measure the greenness level of plants 
which its value ranges from 0 – 1 that is from dead or completely non-green status of the plant to full 
green status of the plant. This is however a function of water, chlorophyll and other phonological 
factors. The NDVI values of Plant A initially depreciated from the first day of the experiment of 0.5573 
to 0.523 on 30-5-2016 which was the 19th days of the study which could be due to the deficiency of 
certain phonological factors. Later, the NDVI values improved to the highest point at 0.5856 and lastly 
0.567 on the 28th days of the study which was the last day of the study (Figure 3.1). The reason for the 
variation as depreciation instead of appreciation as expected in the first phase could be as a result of 
changes in the quantity of phonological factors such as air, sunlight, water etc availability was below 
the minimum required quantity by the plant and other way round for the well pronounced increase 
in the value even as the time advances.  On the other hand, the NDVI values of the stressed plant 
(Plant B) revealed gradual depreciation from the first day with 0.5082 to 0.177 on the last day of the 
experiments when the plant became dead completely. The reason for the 0.177 NDVI value on the 
last day was due to the little greenness sensed in the withered plant (Figure 3.2).   

Vegetation analysis of the IPVI trend result as revealed in both figure 3.3 and figure 3.4 shows 
different level of changes in term of increase and decrease in the IPVI values of both healthy (Plant 
A) and stressed plant (Plant B). The IPVI vegetation value of healthy plant (Plant A) improved from 
0.7765 on the first day of the experiment to 0.7804 on the 3rd day  and later depreciated to the lowest 
value at 0.5682 on the 22nd May 2016 which was day 15th of the experiment. The thriving status of 
Plant A improved to its peak at 0.7977 IPVI value and later reduced in value to 0.7581 on the last day 
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of the experiment. The stressed plant (Plant B) on the other hand initially depreciated from the 
blossom state of the plant on the first day (4/5/2016) with the IPVI value of 0.7541 to 0.4203 on the 16th 
of June 2016 and later appreciated to 0.6619 but at the end depreciated to the least value of 0.3923 on 
the last day. The rate of appreciation and diminishing level of both plants of study could be traced to 
different proportions of phonological factors available at different dates of observation such as above, 
below or exact proportions required for the growth of Russiches Basilicum plant.  

Analysis of the TDVI vegetation index computation as presented in figure 3.5 and figure 3.6 
indicated various degrees of changes in the health status of the observed plants in the study. The 
healthy plant (Plant A) health status as computed using TDVI revealed gradual appreciation from 
1.0679 and later declined to its lowest state at 1.0151 on the 15th days of the experiment. The TDVI 
measure of the healthy plant improved to the highest point of 1.0868 on the last day of the study. The 
stressed or unhealthy plant on the other hand TDVI measure revealed depreciation in the health 
status from 1.0023 in the first day to 0.4883 on the 16th day but improved to 0.6149 on the 17th day of 
the study. At the end of this index measure, the Plant B depreciated to 0.347 on the last day of the 
experiment (Figure 3.6). Measuring the vegetation status of the study plants was affected by the 
available quantity of series of phonological factors during the period of the study.  

NDVI Trend 

 
Figure 3. 1: NDVI tendency for the healthy plant A  Figure 3.2: TDVI trend for unhealthy plant B. 

IPVI Trend 
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Figure 3. 3: IPVI trend of healthy plant A Figure 3.4: IPVI trend of unhealthy plant. 

TDVI Trend 
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Figure 3. 5: TDVI trend of the healthy plant A Figure 3.6: TDVI trend of unhealthy plant B    . 

 
Figure 3. 7: Trend of pixels of healthy parts of plant A       Figure 3.8: Trend of pixels of unhealthy 
parts of plant B. 

The graphs show the trend of the NDVI, TDVI and IPVI indices during the days of observation, 
for both plant A and plant B. Plant A is considered as healthy because it was treated under favorable 
conditions. It was watered daily and kept in the sun.  For this reason, plant A was able to conduct 
daily the Photosynthesis process with high metabolic rhythm which resulted in its high chlorophyll 
content. In lieu of that, there is a general increase in the number of healthy pixels as shown in the 
table 1 and the Near Infrared reflectance in this plant during the period of this research. This can be 
seen in the trend of the indices. However an inspection of the trend of the indices for plant B showed 
that there was a decrease in the number of healthy pixels and the various indices. This is as a result 
of the fact that plant B was rarely watered and not exposed to enough sunlight. This resulted in the 
decrease of chlorophyll content of the plant and near infrared reflectance. It was realized that during 
some of the days, there was a decrease in the indices of plant A, when an increase was expected. This 
can be attributed to the biological characteristics of the species of the vegetable plant (Basillicum) 
used and also changes in weather conditions. The plant is highly sensitive to changes in phonological 
factors such as water and sunlight. During foggy days, since there is not enough sunlight available, 
a drop in the indices was generally experienced (Figure 3.7 and 3.8). 

The NDVI plant image pixels classification as shown in figure 3.9 revealed the classification of 
image into three classes of normal, moderate and healthy portion of the plant. The normal part of the 
plant as processed by Matlab include the region between 0 – 0.4, the region range between 0.4 – 0.7 is 
classified as moderate while spectrum range between 0.7 – 1.0 is known as healthy portion of the 
plant. Results from NDVI image analysis revealed that the healthy plant’s status reflected moderately 
healthy situation with its result ranges from 0.52 – 0.7 and that of stressed plant is classified as normal 
moderate with recorded region of 0.18 – 0.51. The reason why the healthy plant was not fully healthy 
according to the pixel classification could be due to the fact this was a controlled experiment inside 
the room except for the duration that plant was taken out daily to receive sunlight and air while these 
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essential phonological factors were deficient when the plant was returned back to its confinement 
area and vice versa for the stressed plant (Figure 3.9).    

 
Figure 3. 9: NDVI image of plant showing the various classified pixels. 

4. Conclusions 
The vegetation stress map is a very effective measure in determining the level of healthiness in 

plants and indeed goes a long way in determining the yield of the plant as carried out in this project. 
The outcome of this project reveals the sensitivity of plants (vegetable) to water and sunlight, which 
are the major factors for photosynthesis in which their inadequate supply will lead to poor health 
condition of plants and result in drastic reduction in yield. If this is detected earlier in plants, 
preventive measure can salvage the situation as in the case of short-term, otherwise it could lead to 
total death of the plants. The different vegetation indices (NDVI, TDVI, and IPVI) employed during 
the study proved appropriate to evaluate and compare results from the project. All the three indices 
showed the same trend for both plants although formula for the indices take into account different 
considerations. Computation of the number of healthy plant pixels also confirmed the trend of health 
of both plants as established by the use of the vegetative indices. This experiment could however 
form a very good basis for agricultural crop yield research in all climatic regions.  The Tli 450D 
Cannon Rebel NDVI camera used  during this experiment was very effective because plants 
absorbed more radiations in the blue band and reflected more in the NIR band hence an analysis of 
reflectance from both bands was used to monitor the condition of the plan. 
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