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Abstract: Estimating productivity is 
important for agriculture, and machine 
learning (ML) techniques have contributed to 
making it happen more quickly and efficiently. 
Considering the difficulty of acquiring 
agricultural data on a large scale, few-shot 
learning (FSL) methods are an alternative. The 
objective was to evaluate the use of different 
image composition methods obtained by 
Remotely Piloted Aircraft, associated or 
not with plant height, for classifying corn 
productivity, using traditional and FSL-based 
AM techniques. The results with FSL showed 
that the Siamese network model can be viable 
without using the average plant height.

INTRODUCTION
Brazil is the third largest corn producer in 

the world, behind only the United States and 
China [FPA 2023]. In agriculture, productivity 
is the biggest indicator of a good harvest, and 
having a prior notion of this number, based 
on the initial state of the crop, can be crucial 
for the farmer to know if an intervention is 
necessary in the way of cultivation and in the 
treatment of crops. plant. However, achieving 
an approximation of the productivity value 
at different stages of crop development 
is complex due to the high cost and long 
duration of this procedure.

The use of approaches based on Artificial 
Intelligence (AI) has brought good results for 
estimating the productivity of different crops 
when associated with aerial images obtained 
by different sources, such as satellites and 
remotely piloted aircraft (RPA), as can be seen 
in Prestes (2020). Among the AI approaches 
is machine learning, which learns patterns in 
historical data from different sources, such 
as images. Typically, the greater the amount 
of data, the better the learning performance. 
However, obtaining data involves time and 
cost. Thus, techniques have been studied 
that allow extracting knowledge from a few 

examples, known as few-shot learning (FSL) 
[Wang et al. 2020]. Siamese Neural Networks, 
based on the concept of deep learning, adopt 
the FLS technique [Chicco 2021]. No article 
was found that uses the FSL technique to 
predict grain productivity.

This work aimed to evaluate different 
methods of composing images obtained by 
RPA, associated or not with plant height, to 
classify corn productivity, using traditional 
techniques and techniques based on FSL.

MATERIAL AND METHODS
The experimental areas used in this study 

belong to the School Farm of ``Universidade 
Estadual de Ponta Grossa`` (UEPG), in 
the Campos Gerais region of Paraná, in the 
municipality of Ponta Grossa. There are two 
areas, called “Area 1” (Figure 1) and “Area 
2” (Figure 2), in which corn crops were 
cultivated.

IMAGE CAPTURE AND DATA 
EXTRACTION
The images were captured through flights 

carried out using an eBee model fixed-wing 
RPA (SenseFly), equipped with an RGB 
camera. The experimental areas were divided 
into 32 plots, corresponding to different 
treatments carried out. This way, the plots 
were demarcated in the images to extract a 
fraction of the image specific to each plot. In 
each of the 32 plots, the height of ten plants 
was collected in the field and the average 
height of the plants per plot was calculated. 
(Figure 3). Grain production was obtained by 
harvesting by plot, weighing the grains and 
correcting moisture by 13% (standard value). 
The productivity calculation for each plot 
considered the final weight of the grains in it 
(in kg) divided by the area of the plot (in ha).
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Figure 1. Image obtained from Area 1, with the 
demarcation of the 32 plots.

Figure 2. Image obtained from Area 2, with the 
demarcation of the 32 plots.

Using the Pillow library of the Python 
programming language [Van Rossum and 
Drake Jr 1995], the image of each area was 
cropped, by plot, resulting in 32 new images 
for each area, all with the same dimensions. 
After that, two more cuts were made, one 
where the images were divided into 128 
images and the other into 256 images, always 
of equal sizes. This was done to test whether 
increasing the database would help with the 
machine learning task.

CONFIGURING THE IMAGES AND 
MACHINE LEARNING APPROACH
Using the WEKA software [Frank et al. 

2016] and the Auto-WEKA package [Chris 
Thornton et al. 2013], several tests were 
carried out, with different ways of image 
interpretation. The Auto-WEKA package is 
a tool that seeks to find the best classification 
algorithm with its best parameters for your 
database. It is possible to define maximum 
time and space limits to carry out such a task.

The task defined was classification. 
Productivity was converted to categorical data 

of two classes: “low/medium productivity” (< 
15,000 kg/ha) and “high productivity” (>= 
15,000 kg/ha). The threshold for these classes 
was defined considering the high productivity 
rates occurring in the areas, with the aim of 
identifying classification models for high 
levels of productivity. For area 1, 16 images 
were obtained for each class. For area 2, 20 and 
12 images were obtained for the low/medium 
and high productivity classes, respectively.

The cross-validation technique was used 
for validation, using accuracy as a metric. The 
separated images were interpreted in three 
different ways: using a basic image filter that 
separates them into three histograms (red, 
green and blue), each with 32 bins; using the 
average color of the RGB pixels of each image, 
generating average attributes for red, green 
and blue, ranging from 0 to 255; using the 
average pixel color in HSB (hue, saturation 
and brightness) of each image, resulting in 
average attributes for hue, saturation and 
brightness.

The two images (areas 1 and 2) were divided 
into a base of 128 images and another of 256 
images, for each area, totaling 4 different image 
bases. Each separate image was interpreted in 
four ways. Tests were carried out with and 
without height for all variations and, finally, a 
test with only height as a parameter.

USING THE FEW-SHOT LEARNING 
TECHNIQUE
The FSL technique was applied to the 

databases using Python and Siamese Neural 
Networks. Using the matplotlib library, the 
RGB values of the images were extracted 
and, together with the height, three different 
models were created: one with just the image, 
one with the image and the height and the 
last just with the height. This was done for the 
bases of 128 images and 256, for each of the 
areas (areas 1 and 2).

For the first model, the input database 
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Figure 3. Average height of plants in areas 1 and 2.

was transformed into a multidimensional 
matrix whose dimensions are “The number 
of images” by “width in pixels” by “height in 
pixels” by three RGB values. In the second 
model, what changes is the last dimension of 
the matrix, from three entries (RGB) to four 
(RGB and height). In the third model, the base 
is a two-dimensional matrix: height by class.

These databases were applied to a Siamese 
neural network from the Keras library that 
consists of a combination of “Conv2D”, 
“MaxPooling2D”, “Flatten” and “Dense” 
layers. We adopted hold-out validation with 
a variable division between training (70-90%) 
and testing (10-30%) in the models, using 
accuracy as a metric.

RESULTS AND DISCUSSION

RESULTS WITH DIFFERENT IMAGE 
SETTINGS AND ALGORITHMS
The results obtained with the different 

image configurations and algorithms are 
presented in tables 5 to 8. Accuracy when 
height was taken into consideration. 

It was always above 87% and in several 
cases above 95%, indicating the importance 
of plant height. However, it is not always 
necessary, as in some cases without height the 
accuracy was greater than 80% (tables 5 and 
8). An accuracy lower than 90% is not ideal, 
but can be considered when data collection is 
very costly.
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SIAMESE NETWORK RESULTS
The results obtained with Siamese 

networks presented a lower average accuracy 
than that achieved with the algorithms used 
in the WEKA software. However, in Table 9 an 
accuracy of 83% can be seen in the test with 
height and image using 128 images, which is 
comparable to those of the WEKA software.

The accuracy obtained with Siamese 
networks without using the average plant 
height reached 80%, showing that it is a reliable 
and easy-to-apply model for large-scale crops. 
Table 10 also presents a satisfactory accuracy 
of 72% in the test with only image in the 
division of 128 images.

CONCLUSIONS
The development of a classification model 

based on aerial photos and average plant 
height proved to be effective when used 
together with the WEKA software and can be 
applied to any corn crop.

The results obtained using the FSL 
technique showed that, with the appropriate 
database and the right configuration, the 
model with a Siamese network can be applied 
without using the average height, bringing 
great advantage to the farmer.
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Table 5. Results from Area 1 with 128 images.

Table 6. Results from Area 1 with 256 images.
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Table 7. Results from Area 2 with 128 images.

Table 8. Results from Area 2 with 256 images.

Table 9. Results from Area 1 with 128 and 256 images – Siamese network.
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Table 10. Results from Area 2 with 128 and 256 images – Siamese Network.
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