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Abstract— The purpose of the current article is to show 
the development of a non-invasive multispectral imaging 
inspection methodology for the detection of fungicides on 
strawberry hulls. High quality images were captured using a 
Micasense RedEdge multispectral camera that captures 
images with a resolution of 1280 x 960 pixels in its five 
different spectral bands. The image acquisition process was 
performed in an environment controlling the stability of the 
light spectrum, the luminous intensity, the direction of the 
incident light and the focusing distance. To facilitate image 
preprocessing, a black background was used to optimize the 
segmentation process of the image of interest, facilitating the 
isolation and cropping of the object of interest to reduce the 
dimensionality of the images. The contamination of the 
samples with the selected fungicide was performed in the 
laboratory at 5 and 10 parts per million (ppm) to facilitate the 
validation of the classification results. The study included the 
combination of different spectral bands generating 
vegetation indices that allowed the correct classification 
between contaminated fruits using deep neural networks. 
Through the research it was possible to establish a 
methodology to identify the presence of pesticides in 
strawberries through ppm dilutions. In addition, an initial 
multispectral image acquisition system was proposed that 
minimizes the impact of external variables. Finally, a 
preprocessing and classification algorithm was developed, 
demonstrating that the crop growth index (CGI) allows 
detecting the chemical on strawberry surfaces. 

Keywords—Multispectral imaging, Image acquisition 
system, CGI index, Image Preprocessing, Pesticides. 

I. INTRODUCTION 

he world population for the year 2024 has presented a 
progressive deceleration, presenting figures as of today of 
approximately 8.2 billion people and is expected to reach 
approximately 10.3 billion by the year 2084, it is expected 
that by that point there will be a small decrease given the 
growing decline in the birth rate in many regions of the 
world [1]. This slowdown is the result of a significant drop 
in the global fertility rate, which has declined from 5 
children per woman in the 1960s to 2.3 today [2]. This 
change is associated with factors such as access to 

education, especially among young women, and an increase 
in the availability of and access to contraceptive methods. 

The change in global demographics directly affects 
agriculture and food production, due to the aging of the 
labor force, which is familiar with the production processes 
and the decrease of the active population in the field 
generates an increase in the need for technological solutions 
based on precision agriculture to compensate for the lack of 
workers in production. Other solutions that have become 
popular in agriculture have been the use of pesticides and 
chemicals that contribute directly to the control of pests and 
diseases, facilitating phytosanitary care. 

Food security has been a constant concern for humanity 
due to its fundamental role in the survival and stability of 
societies, so much so that it is directly aligned with one of the 
Sustainable Development Goals (SDG) of the UN, particularly 
SDG 2: “Zero Hunger”. This goal seeks to eradicate hunger 
and ensure access to safe, nutritious and sufficient food for 
all people. 

The growth of the world's population is driving 
increased demand for food. Food security means ensuring 
that all people have access, physically, economically and 
socially, to an adequate amount of safe, nutritious and 
healthy food to meet their dietary needs and lead active and 
healthy lives. This requires the creation of resilient and 
sustainable food systems that can supply a growing 
population without damaging natural resources and the 
environment. Advanced agricultural technologies play a key 
role in improving productivity and efficiency in food 
production, thus helping to address global challenges in food 
production. It is also essential to reduce inequalities in 
access so that all people, regardless of their socioeconomic 
situation or location, can meet their food needs in a dignified 
and sustainable manner. 

The use of pesticides together with the development of 
new agricultural technologies has been key to increasing 
food production globally. Tools such as precision agriculture 
and genetically modified crops represent innovations that 
enable more efficient management of resources such as 
water, fertilizers and soil, which enhances both productivity 

https://philolinginvestigations.com/


2979 https://philolinginvestigations.com  

and efficiency in agricultural production. With proper and 
responsible use, pesticides protect crops against pests and 
diseases that can reduce crop yields and quality. This not 
only ensures greater food availability, but also ensures more 
uniform and higher quality production, with crops that are 
more resistant to losses due to environmental or biological 
factors. In response to the growing food needs of an 
expanding population, modern agriculture relies on the 
strategic use of pesticides and technologies to contribute to 
food security on a global scale. 

The need to increase production forcing farmers to use 
large amounts of pesticides to control pests and diseases. 
This produces environmental and consumer health impacts 
and increased pest resistance to pesticides as a relevant 
long-term effect. Part of the pesticides remain on the surface 
of consumable products, which is harmful to health and 
makes it necessary to develop tools for their monitoring [3]. 
A wide variety of pesticides are available on the market and 
can be purchased by most producers, in some countries 
without any regulation on the amount of input applied per 
hectare or the type of chemical compounds, which allows 
the excessive use of these chemicals, so much so that in the 
last 20 years their use has increased by 360% while soil use 
has only increased by 29% [4], [5]. 

Fruits are the agricultural products that have 
experienced the greatest increase in production and 
exports, but even so, they do not exceed the land extensions 
destined to products such as coffee, bananas and sugarcane, 
which have an average of 372,038 hectares cultivated per 
product. These have an average of 372,038 hectares 
cultivated per product, unlike products such as oranges, 
mango or lemons, which do not exceed 33,213 hectares, 
which is why the list of chemicals assigned to their 
phytosanitary care is not large, resulting in a low interest in 
research that allows the characterization and quantification 
of pesticides in fruits [6]. It is common to find agricultural 
products with pesticide residues in their state of 
commercialization, which generates greater concern in 
fruits because they are more consumed raw or without 
preparation. For this reason, it is necessary to have 
technologies that allow quality inspections of the products 
so that an efficient control of the presence of these toxicants 
in the final product can be carried out [7]. 

Gas chromatography is currently the most widely used 
analytical technique for the qualitative and quantitative 
detection of pesticide residues in any biological material due 
to its sensitivity [8], [9], [10], [11]. Its major drawback is its 
high cost per sample analyzed since it is difficult to calibrate 
and operate, it is a slow process and needs specialized 
personnel to perform the above-mentioned activities to 
obtain a detection trace [12]. In addition, we cannot leave 
behind the fact that it is a destructive test and that the 
analyzed material cannot be used later. On the other hand, 
the electronic nose is a device that simulates the sense of 
human perception of odors by means of gases; it is 
composed of arrays of sensors sensitive to different gases or 
specific volatiles [13], [14]. It is currently used in 
applications that provide solutions to the most common 

problems presented by gas chromatography, although its 
applications are still in laboratory conditions, and present 
difficulties in the portability for the acquisition of 
information in the field [11], [14], [15]. 

It is expected that the new techniques for detecting 
pesticides in fruit will be easy to implement, low cost in the 
technology used in operation, and that their use will not be 
invasive or destructive. Artificial vision is a non-invasive 
methodology that, by means of conventional high-resolution 
cameras, allows acquiring relevant information on the 
surface aspects of plants. This data can be used by 
classification algorithms to characterize and identify their 
morphology and anomalies [16], [17]. RGB cameras have a 
great spectral limitation in the same way as human sight, 
when trying to identify chemical or physiological 
interactions, since it does not allow to observe the 
interactions of waves with objects in wavelengths outside 
the visible light spectrum, being this a very narrow range, 
which does not allow to capture relevant phenomena in 
fruits or plant material [18], [19]. 

In this new context, it is proposed to implement 
multispectral cameras to optimize agricultural productivity 
and reduce the consumption of resources such as water, 
fertilizers and pesticides. The main objective of this article is 
to present a methodology to detect contaminants on the 
surface of strawberries by means of artificial vision, using 
multispectral images. This technique, framed in precision 
agriculture, not only improves crop efficiency, but also 
makes it possible to identify the presence of unwanted 
chemicals in fruits, thus ensuring greater food safety and 
quality of the final product for the consumer, while 
minimizing the environmental impact [20]. 

Multispectral cameras use five spectral bands and RGB 
images, which are part of the spectrum not visible to the 
human eye, to differentiate plants and objects based on their 
spectral characteristics, as illustrated in Fig. 1. In projects 
such as cotton plant recognition, these technologies can 
identify areas conducive to cotton boll weevils by analyzing 
bimodal histograms specific to cotton and other vegetation 
and soil types [21]. They are also applied to distinguish tea 
plant varieties by capturing and analyzing properties such 
as hue, saturation, textures and spectral vegetation indices. 
This process involves image registration, calibration, 
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segmentation, data extraction and information fusion to 
improve crop management and optimize resource use [22]. 

 

Fig. 1. Multispectral camera MicaSense RedEdge. 

The principle of operation of multispectral imaging is 
based on sensors that capture solar radiation. These waves 
pass through the atmosphere and interact with the earth's 
surface [23]. The interaction between radiation and objects 
is recorded and analyzed for different applications and is 
manifested as follows: a part of the radiation incident on the 
object is reflected (reflectance); another part is transmitted 
through it (transmittance); and a portion is absorbed 
(absorbance), being subsequently emitted in the form of 
heat [24], [25]. 

The types of electromagnetic radiation (EMR) are 
organized according to their wavelength or frequency, and 
the graphical representation of their distribution is called 
the electromagnetic spectrum. Groupings of EMR with 
similar characteristics are called bands or segments, the 
main ones of interest for remote sensing being visible, 
infrared (IR) and microwave. Multispectral imaging cameras 
are equipped with an interference filter mounted in front of 
the lens, designed to block or transmit specific wavelengths. 
Unlike RGB cameras, multispectral sensors offer more useful 
wavelength bands in the visible and near infrared (NIR) 
regions, allowing detailed information to be captured in 
these areas of the spectrum [26]. 

Multispectral images combined with deep machine 
learning have proven to be a viable option for the 
identification and characterization of pesticide 
concentrations in different fruits or agricultural products, 
leaving behind different restrictions [27]. 

The main objective of machine learning is pattern 
recognition. By acquiring multispectral images and applying 
this type of algorithm, applications such as determining the 
agronomic conditions of a crop, enabling pest control and 
quantifying different types of stress in crops can be achieved 
[28]. One of the most promising techniques based on 
machine learning are deep neural networks (Deep learning) 
with which it is also possible to estimate the yield of 
production of different types of crops, acquiring information 

by means of an unmanned aerial vehicle [29], RGB sensors 
[30], sensors in different wavelengths and low-cost thermal 
camera allowing to obtain valuable information for 
phenotyping and crop management [31], after the 
application of data processing algorithms [32]. 

The application of machine learning techniques is an 
important part of the research shown in this article since it 
is used to discern patterns and classify images of fruits that 
harbor fungicide residues and those that are free of such 
compounds. This tool focuses on analyzing in detail the 
characteristics present in the multispectral images, which 
will enable differentiation. The ability of these techniques to 
identify spectral subtleties will allow for a highly effective 
and specific detection system, thus providing a reliable 
method to ensure the characterization of agricultural 
products [33]. 

II. METHODOLOGY 

The research employed a detailed methodological 
approach, illustrated in Fig. 2, which ensures a systematic 
and rigorous process for the acquisition and processing of 
multispectral images to identify fungicide residues on the 
surface of strawberries. From pesticide selection to the 
creation of a structured database and image preprocessing, 
this method covers all essential aspects. This process has 
been carefully planned to obtain high quality data. In the 
initial phase of the study, a detailed review of different types 
of pesticides is carried out to select the one to be used in the 
intentional contamination of strawberries. During this 
process, key factors are considered, such as the efficacy of 
the pesticide for the purpose of the experiment and its 
influence on multispectral imaging. Pesticide concentrations 
in parts per million (ppm) are also evaluated to ensure that 
they meet the limits stipulated by international standards. 
The objective is to identify the optimal way to apply the 
pesticide, achieving a controlled contamination of the 
strawberries, which will allow accurate analysis of their 
behavior and detectable residues using multispectral 
imaging techniques. After choosing the contaminant, 
information is gathered on factors that may affect the quality 
and accuracy of multispectral images used to detect 
chemical residues on the surface of the strawberries. This 
process involves considering variables such as illumination, 
focal length, and other environmental factors that can affect 
the ability to accurately detect the presence of chemical 
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debris. These elements are crucial to ensure the reliability of 
the images obtained. 

 

 
 

Fig. 2. Methodology for the acquisition of multispectral images of 
contaminated fruits. 

A controlled environment is established considering 
factors such as the distance between the multispectral 
camera and the object, the light source and the background 
contrast in the images. This configuration is based on 
previous studies to ensure optimal conditions for 
multispectral imaging. This achieves an accurate and 
uniform acquisition of the data needed for the analysis, 
minimizing external influences that may affect the quality of 
the images [34]. 

During the sampling phase, multispectral images are 
acquired with a specialized MicaSense camera, model 
RedEdge, designed to capture a variety of spectral bands: 
red, green, blue, near infrared and red edge [35]. These 
bands provide a wealth of information about the spectral 
properties of the strawberries and the pesticide residues on 
their surface. 

After capture, the images are organized, stored and 
labeled in a structured database designed to facilitate the 
training and development of deep learning neural network 
algorithms. During the preprocessing phase, various 
operations are performed to improve the quality and utility 
of the images, including segmentation methods to 
distinguish burrs from other elements in the photos and 
precise cropping to focus on areas of interest. Size reduction 
is also performed to optimize data handling and analysis. 
These preprocessing techniques are fundamental to prepare 
multispectral images, allowing the application of 
combination and manipulation techniques of the different 
spectral bands captured, and thus generate specific 
vegetation indices, such as the Normalized Difference 
Vegetation Index (NDVI) and the Chlorophyll Green Index 
(CGI) [36]. 

III. RESULTS AND ANALYSIS 

This section presents the most relevant results of the 
implementation of the designed methodology, which has 
allowed the creation of a reliable database to develop a 
technique for the identification of pesticides on the surface 
of fruits. In an initial phase, the methodology was applied to 
strawberries due to the need to protect this fruit with 
different chemical products to comply with the quality 
standards required for its commercialization. In addition, 
the findings on the different variables studied will be shared, 
offering a first approach towards the future development of 
a prototype for the acquisition of multispectral images in 
fruits. 

A. Pesticide Identification 

Field research was conducted with visits to several local 
farmers to collect data on their practices and experiences 
with different chemicals. The main objective of this research 
was to identify the appropriate pesticide for the project, 
considering the types of chemicals available and their 
specific agricultural applications. In this process, three main 
categories of products were recognized: fungicides, 
insecticides and acaricides, each focused on combating 
various crop pests and diseases. 

Fungicides are used to prevent and control fungi and 
diseases; some of these products are applied directly to the 
fruit to prevent Botrytis cinerea, a fungus that causes fruit 
rot. To ensure the correct application on strawberries, 
specialized agronomists were consulted and recommended 
the use of the product Anker because of its suitability for the 
objectives of the project. To ensure the presence of the 
product on the strawberries, even after the dilutions 
necessary to reach specific concentrations in ppm, 
application by immersion was recommended. 

As shown in Fig. 3, a dilution of the chemical solution was 
carried out to simulate ppm levels typical of commercially 
available strawberries. For the study, two concentrations 
were established: 5 ppm and 10 ppm. 

 

Fig. 3. Dilution by ppm of the fungicide. 

B. Creation of a Controlled Environment 

Based on the knowledge of the behavior of light and 
reflectance as a physical magnitude useful for comparing the 
electromagnetic radiation that strikes the surface of objects 
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according to their colors, we chose to create a matte black 
board, with dimensions of 40 cm by 40 cm. This size allows 
minimizing any unwanted light that, at the time of capturing 
the images, could influence the desired results. 

A special support for the multispectral camera was 
designed using modeling software and 3D printing 
techniques, with specifications that allow it to be fixed in a 
single position. In addition, an elevated support system was 
constructed that allows the camera to be placed at two 
different distances from the table and the fruit: 14.5 cm and 
35.5 cm. This design seeks to observe if there is a significant 
difference in the data captured at both distances, 
considering that these types of cameras are usually used at 
great heights, between 60 and 120 meters above the ground. 
An incandescent bulb was also included to provide an 
artificial light source. 

Multispectral cameras operate with a voltage range 
between 4 and 16 volts and a maximum current of 4A, so it 
was necessary to find a suitable power supply, which had 
the corresponding connector and allowed the regulation of 
these specifications. To connect it to the camera, XT30 
connectors and a jack-type power connector were used. As 
for the artificial light source, a 100W incandescent bulb was 
used, capable of producing approximately 1600 lumens. 

 

 
Fig. 4. Initial Prototype of Multispectral Image Acquisition System. 

Considering the specifications previously described, the 
system shown in Fig. 4 was assembled, which allows for 
adjustments as necessary to ensure correct data capture. 

 

C. Multispectral Image Acquisition 

First, photographs were taken of the burs without the 
chemical applied, using both heights previously established. 
This was done because the size of each pixel represented 

approximately 62 mm² of surface area at the highest height 
and 15 mm² at the lowest, so that each pixel captured the 
maximum amount of information. Subsequently, a second 
phase of data capture was performed in which all the burs 
were treated with the chemical before taking the new 
photographs. 

This procedure was also repeated using artificial light. 
For this, the images were captured in a completely dark 
environment, ensuring that the only light source was the 
incandescent bulb. In this way, it was ensured that the light 
reflected by the fruit was not altered, achieving an accurate 
capture of the visual information with the camera. 

D. Database Creation 

All images were transferred to the computer and 
organized based on the different capture conditions. They 
were grouped into two main categories: those taken under 
natural light and those captured with artificial light. Each 
category was further divided into four sub-conditions, 
according to the presence or absence of pesticides and the 
distance at which each image was taken. 

For the images with artificial light, a total of 1800 was 
captured: 485 close-up images without pesticide, 425 close-
up images with pesticide, 410 distant images with pesticide, 
and 480 distant images without pesticide. For the images 
with natural light, 1750 photos were recorded: 420 close-
ups with pesticide, 435 close-up without pesticide, 410 
distant with pesticide, and 485 distant without pesticide. 

. 

E. Multispectral Image Preprocessing 

With a balanced set of images that include pesticides and 
those that do not, we proceed to identify and apply the 
technique that is theoretically most effective for detecting 
residues of the applied fungicide. Initially, several images 
are processed to generate an NDVI (Normalized Difference 
Vegetation Index) representation using the red and near-
infrared bands (as shown in Fig. 5). This procedure is 
primarily conducted for reference purposes, facilitating the 
comparison between the NDVI results and another 
technique, the CGI (Color Gradient Index), which has 
demonstrated superior results in previous trials. By 
comparing these two approaches, we aim to confirm the 
capability of CGI to accurately identify fungicide residues, 
thereby ensuring a thorough and comprehensive analysis. 
The reference NDVI images serve as a standard for 
evaluating the efficacy of the CGI, highlighting its potential 
advantages and providing a clearer understanding of its 
application in real-world scenarios. This comparative 
approach reinforces our commitment to adopting the most 
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effective techniques available, ensuring the accuracy and 
reliability of our findings in detecting pesticide residues. 

 

Fig. 5. Image processed with NDVI technique. 

During the preprocessing phase, the images to be utilized 
in the proposed method are selected. For the CGI, the images 
ending in 2.tif and 4.tif are chosen, as illustrated in Fig. 6. 
These images undergo a dimensionality reduction process 
and are subsequently converted into numpy arrays for 
analysis. 

 

Fig. 6. Images in TIFF format across different channels of the same sample. 

 

Fig. 7. Color application to the CGI image for better data comprehension.  

With the array, it's possible to perform normalization 
and try to establish the brightest points as bright as possible 
and the darkest points as black. The numpy arrays are 
combined into one and converted into a new image from 
that combined matrix. The CGI is applied to this image by 

converting it back into a matrix, extracting the green and 
near-infrared channels to apply the technique. The colors 
are scaled to the range [0, 255] and a new image is created. 
The goal is for this technique to show significant variations 
on the surface of each strawberry. A new normalization is 
applied and then it's colorized to enhance details that might 
be overlooked in a grayscale image. The result is shown in 
Fig. 7. 

F. Implementation of convolutional neural networks 

 
Fig. 8. implementation of convolutional neural network architecture (CNN).  

The implementation of a convolutional neural network 
(CNN) model for analyzing multispectral images of 
pesticide-contaminated strawberries is illustrated in the 
flowchart shown in Figure 8. Initially, the program requires 
loading the necessary databases before importing the 
images intended for training and evaluating the model. To 
ensure uniformity in input, these images are resized to a 
standard dimension of 224 × 224 pixels. Subsequently, the 
data is divided into training and test sets to allow for 
parameter adjustment and performance evaluation of the 
model. 

The architecture of the neural network is built upon an 
initial set of convolutional layers followed by max pooling 
layers. The first convolutional layer (Conv2D) utilizes filters 
sized 3x3, with a total of 16 filters to extract essential 
features from the images. This is succeeded by a max pooling 
layer (MaxPooling2D), which reduces the dimensionality of 
the extracted features. The process is repeated with 
additional convolutional layers, increasing the filter count to 
32 and then to 64, each followed by a max pooling layer. This 
arrangement facilitates the extraction of progressively more 
complex and refined features from the images. 

To ready the extracted features for the dense layers, a 
Flatten layer is used to convert them into a one-dimensional 
vector at the end of the process. The first dense layer 
(Dense), comprising 128 neurons, analyzes the flattened 
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features and learns complex patterns. The second dense 
layer consists of two neurons, which is suitable for binary 
output, indicating the presence or absence of pesticides. The 
outputs from the dense layer are converted into 
probabilities through the sigmoid activation layer, 
facilitating binary classification. This methodological 
approach demonstrates the effectiveness of the proposed 
procedure by enabling accurate detection of chemical 
residues in strawberries. 

 

Fig. 9. model accuracy during training and testing of a CNN.  

A CNN is trained and evaluated using multispectral 
images of strawberries contaminated with pesticides, with 
the model's accuracy presented graphically in Fig. 9. The 
vertical axis represents the accuracy achieved, while the 
horizontal axis denotes the training iterations. Throughout 
the epochs, a steady increase in model accuracy is observed 
for both the training and test sets. In the initial epochs, 
accuracy rises sharply, indicating that the model is 
effectively capturing essential features from the images. 
From the fifth epoch onward, the accuracy on the training 
set levels off at nearly 100%, demonstrating that the model 
has learned to classify almost all training images accurately. 

In contrast, the accuracy on the test set reaches a 
maximum of approximately 97%, followed by minor 
fluctuations. This difference highlights that, despite the 
model's strong generalization capabilities, its performance 
may vary when evaluating new images. The expected high 
accuracy on the training set and the slight decline in the test 
set accuracy are attributed to the variability of unseen data 
encountered during training. This pattern is commonly seen 
in well-trained CNN models. 

CONCLUSIONS 

The study facilitated a comparison of various pesticide 
types, ultimately identifying the fungicide Anker as the most 
suitable choice for contaminating the samples due to its 
prevalent use in agriculture. Furthermore, a method was 
developed to monitor pesticide levels in strawberries by 
creating various dilutions in ppm. An initial design for a 

multispectral image acquisition system was introduced, 
aimed at ensuring effective information capture while 
reducing the impact of external variables that could 
compromise sampling quality. Additionally, a preprocessing 
algorithm was crafted to apply techniques for combining 
spectral bands, with preliminary results indicating that the 
CGI index effectively reveals the presence of the selected 
chemical on strawberry surfaces. 

The effectiveness of employing a CNN model for 
analyzing multispectral images of pesticide-contaminated 
strawberries has been confirmed. Through a meticulous 
training process and a carefully designed architecture, the 
model achieved a high classification accuracy of 97%. Its 
ability to generalize is evidenced by the stable accuracy 
observed in the training set and the minor fluctuations in the 
test set. These results underscore the potential applicability 
of the proposed method in real-world scenarios within the 
food industry, validating its effectiveness in detecting 
chemical residues in strawberries. 
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