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Abstract: The coffee leaf miner (Leucoptera coffeella) is a primary pest for coffee plants. The attack of
this pest reduces the photosynthetic area of the leaves due to necrosis, causing premature leaf falling,
decreasing the yield and the lifespan of the plant. Therefore, this study aims to analyze vegetation
indices (VI) from images of healthy coffee leaves and those infested by coffee leaf miner, obtained
using a multispectral camera, mainly to differentiate and detect infested areas. The study was
conducted in two distinct locations: At a farm, where the camera was coupled to a remotely piloted
aircraft (RPA) flying at a 3 m altitude from the soil surface; and the second location, in a greenhouse,
where the images were obtained manually at a 0.5 m altitude from the support of the plant vessels,
in which only healthy plants were located. For the image processing, arithmetic operations with
the spectral bands were calculated using the “Raster Calculator” obtaining the indices NormNIR,
Normalized Difference Vegetation Index (NDVI), Green-Red NDVI (GRNDVI), and Green NDVI
(GNDVI), the values of which on average for healthy leaves were: 0.66; 0.64; 0.32, and 0.55 and for
infested leaves: 0.53; 0.41; 0.06, and 0.37 respectively. The analysis concluded that healthy leaves
presented higher values of VIs when compared to infested leaves. The index GRNDVI was the one
that better differentiated infested leaves from the healthy ones.

Keywords: precision agriculture; Coffea arabica L.; remote sensing; unmanned aerial vehicles (UAV);
digital agriculture

1. Introduction

Brazil is currently the largest coffee exporter in the world. The estimation for the
2020/2021 harvest globally is 175.5 million sacks (60 kg each) [1]. Within that amount,
the state of Minas Gerais is highly significant. In 2019, the state of Gerais produced the
highest amount with 34.6 million sacks of post-processed grain, summing 55% of the whole
Brazilian production [2].

Globally, coffee has had an increase in consumption advancing the market even during
the COVID-19 pandemic; 7 of 13 studies indicated an increase, accounting for 53.8% [3].
German outpatient care givers also reported higher coffee consumption [4]. In Poland, the
highest frequency of coffee consumption (88.9%) was among adults aged 45+ but referring
only to COVID-19 confinement [5].

It is estimated that this year’s demand is rising by 1.5% worldwide, in comparison
to the previous year; this percentage represents 2.5 million sacks [1]. Therefore, with the

AgriEngineering 2022, 4, 311–319. https://doi.org/10.3390/agriengineering4010021 https://www.mdpi.com/journal/agriengineering

https://doi.org/10.3390/agriengineering4010021
https://doi.org/10.3390/agriengineering4010021
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agriengineering
https://www.mdpi.com
https://orcid.org/0000-0001-8406-2820
https://orcid.org/0000-0001-6403-2210
https://orcid.org/0000-0001-7526-0825
https://orcid.org/0000-0001-6138-8182
https://doi.org/10.3390/agriengineering4010021
https://www.mdpi.com/journal/agriengineering
https://www.mdpi.com/article/10.3390/agriengineering4010021?type=check_update&version=1


AgriEngineering 2022, 4 312

increase of consumption, coffee farmers are likely to face challenges to supply the demand,
by increasing the efficiency and the production of the seed.

With the increase of production areas, the coffee plants become a major host of a variety
of arthropods, which are considered pests with great economic impact, causing direct and
indirect damages [3]. The coffee leaf miner (Leucoptera coffeella) is considered a primary pest
that attacks coffee plants during the whole year, especially in hot and dry seasons [4].

The coffee leaf miner, a small silvery-white moth with a diurnal mating habit, hides
in the foliage during the day and lays an average of seven eggs per day on the surface
of the leaves [6]. The development of the eggs varies from 5 to 21 days according to the
temperature, when they hatch they penetrate the epidermis of the leaf to feed and to form
“mines”. Mines are light brown in color with a rounded shape, reaching a darker color
due to the accumulation of excretions [6]. The attack of the coffee leaf miner reduces
the photosynthetic area of the leaves, thus reducing seed production and decreasing
the yield [7].

With advances in precision agriculture and the emergence of remote sensing aerial
platforms, such as unmanned aerial systems (UAS), also known as remotely piloted aircraft
(RPA) or unmanned aerial vehicles (UAV), details of the study area can be obtained. In
addition, such platforms provide accurate information of the culture and in a timely manner
for corrective actions [8].

It is worth mentioning the advantages of using several optical sensors embedded
in this type of aerial platform. From being possible to using the different bands of these
sensors to calculate vegetation indices (VI), such as the study by Bento [8], in which the
authors applied different VI for characterizing three recently planted coffee cultivars (Coffea
arabica L.) in addition to verifying the influence of rain and drought on the development
of biophysical variables measured in the field. Barbosa [9] evaluated the potential of the
practical application of unmanned aerial vehicles and RGB vegetation indices (VIs) in the
monitoring of a coffee crop. To identify field anomalies and obtaining more information on
disease, Marin [10] proposed a framework to detect coffee rust severity with only vegetation
indices extracted from RPA images.

In this context, the processing of images obtained from multispectral cameras, resulting
in VI, can be obtained using mathematical equation of two or more wavelength reflectance,
commonly in the visible spectral region, in red edge, and near-infrared region [11].

Furthermore, VI are commonly used in agricultural monitoring due to their power to
highlight the intrinsic characteristics of the vegetation, which are related to the reflection of
green by the plants, reflecting their vigor status [12].

Therefore, vegetation indices are a strategic tool to aid the early detection of pests and dis-
eases, contributing to effective phytosanitary control and management of coffee plantations.

Some studies on the use of VI from RPA camera images are under development, such
as disease is coffee leaf rust (CLR) detection [10,13] and nematode detection [14]. In the
case of a pest like the coffee leaf miners, research is still incipient and less widespread in the
literature, however it has fundamental economic importance, highlighting the importance
of the applicability and development of the proposed study.

As a hypothesis of this research, it possible to identify the infestation of coffee leaf
miners in newly planted coffee plants using VI and images obtained by RPA. This study
aimed to assess the VI values from images obtained with a multispectral camera in healthy
leaves and infested leaves by coffee leaf miners of recently established coffee plants to
detect and differentiate the infestation of the pest.

2. Materials and Methods

The study was carried out in two separate locations. Five healthy coffee plants (Coffea
arabica) were grown in a greenhouse setup. For the infested plants, 5 plants used were
located in the coffee plantation. Healthy leaves of coffee (Coffea arabica L.) of the Catuai-
IAC66 cultivar were sampled from 1-month-old plants in the greenhouse at the campus of
the Federal University of Lavras (UFLA; 21◦13′33′′ S, 44◦58′17′′ W), south of Minas Gerais.



AgriEngineering 2022, 4 313

Coffee leaf miner infested leaves were sampled from 8-month-old plants at the Cafua farm,
in the municipality of Ijaci, south of Minas Gerais, in an area of 0.3 ha of coffee plantation
(Coffea arabica L.) of the Catuaí Vermelho IAC 99 cultivar, planted in November 2018, with
spacing 3.5 m between rows and 0.5 m between plants. The geographic coordinates are
21◦9′50” S and 44◦59′35” W, with an average altitude of 934 m in the city of Ijaci, southern
region of Minas Gerais (Figure 1).
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Figure 1. Images of the near-infrared band (NIR), obtained with a multispectral camera. (A): Leaves
of healthy plants in the greenhouse and the green dots represent sampled points. (B): Leaves of
infested plants in the field and the green dots represent sampled points. Zoomed area of one of the
plants, where the red circles represent the coffee leaf miners.

The climate of the region, according to the Koppen classification, is of the Monsoon-
influenced humid subtropical climate (Cwa) type, characterized by a dry season in winter
and a rainy season in summer, with an average temperature of 20 ◦C and average annual
rainfall of 1153 mm [15].

In the field, the camera Parrot SequoiaTM (Parrot S.A., Paris, France) was coupled
to a RPA, model 3DRSolo (3DR Robotics, Berkeley, CA, USA) (Figure 2a), equipped with
a rotating wing platform. The flight was performed at a height of 3 m from the infested
plants. This height was adopted after height tests carried out in the field. The images
were analyzed and because it was possible to visualize the mines without changing the
resolution in the images, this flight height was used. In the greenhouse, the photos were
taken manually at a height of 0.5 m from the support where the vessels of healthy plants
were located. This height was adopted due to the low height of the greenhouse.

The images were captured by the multispectral camera, which has four spectral
sensors with a resolution of 1.2 MP, as shown in Table 1 and Figure 2b. The sensors are auto
calibrated through a solar sensor (Sunshine Sensor) integrated into the camera, with an
image size of 1280× 960 pixels, and an RGB sensor with a resolution of 16 MP, which in this
study were not used. The sunlight sensor corrects images in different lighting conditions by
measuring solar irradiance. The sensor includes a global positioning system (GPS) receiver
and IMU (inertial measurement unit) to measure the position and orientation of the sensor
when capturing images [16].
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irradiance.

Table 1. Characteristics of the spectral bands used in the study.

Band Initial λ (nm) Final λ (nm)

Green (G) 530 570
Red (R) 640 680

Red Edge (RE) 730 740
Near Infrared (NIR) 770 810

λ—wavelength.

The images were processed in the software QGIS version 3.10 [17]. Arithmetic opera-
tions were performed using the Raster Calculator for the R, NIR, and G bands based on the
VIs described in Table 2.

Table 2. Vegetation indices calculated from multispectral bands of the acquired images.

Vegetation Indices (VI) Equation Reference

Normalized Difference
Vegetation Index (NDVI) NDVI =NIR−R

NIR−R [18]

Green Normalized Difference
Vegetation Index (GNDVI) GNDVI =NIR−G

NIR−G [19]

Norm NIR NormNIR = NIR
NIR+R+G [20]

Green-Red NDVI GRNDVI =NIR−(G+R)
NIR+(G+R)

[21]

For the image processing, a total of 50 pixels points were randomly sampled, 25 points
from healthy leaves and 25 points from infested plants. In addition, 41 points were sampled
in the mines of infested plants. The mines have different sizes, ranging from 1 to 2 cm in
diameter. Plants with 20% to 30% of leaves with intact mines (with live caterpillars) in the
middle and upper thirds were considered as infested.

To obtain the results of the VIs in the pixels of the sampled points, the Point Sampling
Tools plugin was used. Information was extracted from a single pixel, using the plugin.
Due to the high spatial resolution, no mixed pixels were observed.

From the VI values, descriptive statistical analysis was performed on the results by
the Shapiro–Wilk normality test (W; p < 0.05). The values of Vis that showed normal
distribution were subjected to the t-test (p < 0.05), to identify significant differences in the
different Vis used. The statistical analysis was conducted using R software (R Core Team,
Vienna, Austria).

The layouts of Figures were made in QGIS version 3.10 [17] of the compositions of the
VIs of the studied area for better visualization, understanding of the vegetation canopy,
and assisting in the analysis of the vegetation indices.

3. Results and Discussion

Table 3 shows the statistical summary of the VI values obtained in the study. The result
of the normality test is also presented in Table 3. Non-normal distribution was observed for
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NDVI in healthy and infested leaves and GNDVI in healthy leaves. Thus, the mean values
of those VIs were not compared with the others.

Table 3. Summary of descriptive statistic values for VIs in healthy leaves and infested leaves, in the
greenhouse and the farm. VIs values in the mines of infested plants, in the farm.

VI State of the Leaf n Average SD Min Max W p-Value

NDVI
Infested 41 0.41 0.15 −0.04 0.64 0.90 0.00
Healthy 50 0.64 0.15 −0.01 0.79 0.89 0.00

GNDVI
Infested 41 0.37 0.15 −0.01 0.63 0.97 0.27
Healthy 50 0.55 0.16 0.17 0.77 0.97 0.05

NormNIR
Infested 41 0.53 0.07 0.36 0.65 0.96 0.20
Healthy 50 0.66 0.08 0.38 0.79 0.98 0.17

GRNDVI
Infested 41 0.06 0.15 −0.28 0.3 0.96 0.20
Healthy 50 0.32 0.17 −0.23 0.57 0.98 0.17

n—number of observations, SD—standard deviation, Min—minimum VI value, Max—maximum VI value and
W—Shapiro Wilk normality test.

Figure 3 shows the Box-plot for the VI values calculated from the greenhouse and the
farm. VI values were slightly higher on the healthy leaves in the greenhouse; though no
significant difference (p > 0.05) between the locations was observed. This is because the
infestation of coffee leaf miners in the farm was at the beginning and did not present intense
damage. This result is related to the selectivity of the moths of this pest. The infested
plants, or plants with mines of the coffee leaf miner bug, according to Nestel [22], are plants
with greater vegetative vigor, preferred for oviposition of this pest. This explains the little
variation in VI values in leaves of infested plants and healthy plants.
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Figure 3. Box plots for VI values in the greenhouse and farm field, which do not show a statistically
significant difference by t-test (p > 0.05).

According to Ahmed [23], the greater the vegetative vigor of the plants the lower the
reflectance in the visible bands and higher in the near-infrared band. Additionally, plants
with higher vegetative vigor have higher biomass content and higher nutrient content,
showing higher VI values.

Figure 4 shows the Box-plot graphs for the values of VI as a function of location that
showed a statistically significant difference by the t-test (p < 0.05). There are significant
differences between the indices. The NormNIR index in healthy leaves showed the highest
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value, and little variation between NormNIR values in healthy and infested plants was
found. The result obtained by this VI also reflect the selectivity of the moths and the little
variation of its values in leaves of infested plants and healthy plants.
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Figure 4. Box-plot for GRNDVI and NormNIR values in the greenhouse and farm field, that showed
statistically significant difference by t-test (p < 0.05).

According to Marin [10], there is a direct and positive correlation of the coffee leaf
miner infestation to the VI, this occurs in the initial stages of the attack of the pest, corrobo-
rating with this study. The result indicates that the infestation, even at the beginning, can
be identified using VI.

The lowest values of VI were found in the GRNDVI for infested plants, and this VI
also showed less variation in values for healthy and infested plants.

For situations where the infestation occurs at the beginning of the season, depending
on the height of the flight and with low spatial resolution, the images collected may not
show any advantage in the identification of the coffee leaf miner, as there may be mixed
pixels and both infested and healthy plants may present close average values of VI. When
the attack is intense, this pest reduces the photosynthetic capacity of the plant by the
destruction and fall of leaves [6,24,25]. Consequently, the values of VIs tend to decrease,
being possible to recognize the defoliation in the images. This fact was not observed in
this study, because the attack of the coffee leaf miner was still in the beginning. Therefore,
further work is recommended to follow the evolution of the pest and the response of
the VIs.

It was visually verified that the VI values for healthy plants presented a more intense
green coloration of the legend scale. Yet, infested plants in the field had some leaves with
the same intense green coloration visualized in the maps below (Figure 5).

In Figure 5A,B, it is observed that there was not much variation in the VI values,
remaining between 0.6 and 1. This result is due to the NormNIR VI feature that corrects
spectral bands to normalize different illumination levels compared to absolute bands.

It is observed that in Figure 5C–E the GRNDVI and GNDVI resulted in lower values
when compared to Figure 5A,B, this is due to the different operations performed with
different bands. It is noteworthy that the scale of variation of the VI values was standardized
to allow a comparison between them.
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Figure 5. NormNIR Vegetation Index applied in the images (A): Healthy plants in the nursery,
(B): infested plants in the field. GRNDVI applied in the images (C): healthy plants in the nursery,
(D): plants infested in the field. GNDVI applied in the images (E): plants infested in the field.

The GNDVI in healthy leaves did not show the normal distribution and therefore
was discarded from the comparisons. The NormNIR and GRNDVI observed significant
differences in healthy and infested plants. By visual analysis, the GRNDVI was the VI that
best differentiated healthy plants from infested plants (Figure 5C,D).

The VI values in the mines of the bugs were, on average, lower when compared to the
VI values in healthy leaves. Additionally, some mines showed negative VI values, which
are attributed to the darker coloration of the mines.

Figure 6 shows that the mines presented an accumulation of excretions that had a
darker coloration, making the red reflectance value higher and consequently favoring the
decrease in the VI values under study.
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According to Franklin [6], the females of the coffee leaf miner oviposit on the upper
side of the leaves, which hatch and penetrate the leaf epidermis, starting the feeding from
the leaves and formation of the mines. The mines have a rounded shape and are colored
light brown, the darker color is due to the accumulation of excretions.

We recommend future research on this topic to be carried out in areas with different
levels of infestation. In addition, we recommend the use of deep learning algorithms and
the random forest algorithm as in the studies by Marin [26] and Kagan [27].

4. Conclusions

It conclusion, that research showed that, on average, healthy plants showed higher
VI values compared to infested plants. Additionally, GRNDVI best differentiated healthy
plants from infested plants compared with other VIs.
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