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Abstract

The article presents a monitoring system with a mobile application based on a neural
network, which allows you to identify apple fruits on the crown of trees, count their number,
determine diseases and ripening rates of apple fruits and crop volume per hectare. The
monitoring system consists of a photo (image) collection unit, which includes a client
software tool (mobile application, digital camera), a received image processing unit,
consisting of a database, a neural network, and a received data analysis unit. A neural
network based on the VGG-16 and SSD architecture has been developed to identify apple
fruits on the tree crown. Healthy (red and green apple fruits) affected by diseases (scab,
powdery mildew, fruit rot, mechanical damage) were selected as classes of apple fruits for
training the neural network. The software runs and functions on the Ubuntu operating system,
a mobile application on the Android operating system. As a result of the experiments carried
out on an industrial plantation of an apple orchard, it was found that the accuracy of
estimating the total number of fruits on a tree crown compared to the true value was 94.72%,
the accuracy of counting the number of infected fruits was 90.44%. The average speed of
pattern recognition does not exceed 0.6 seconds per image, the average speed of apple fruit
segmentation from the background does not exceed 0.8 seconds per image, the average speed
of analyzing one image and obtaining a recognition result does not exceed 1.5 seconds,
subject to the technical requirements for the server and image requirements.

Keywords
digital monitoring, identification of apple fruits, mobile application, neural network, disease
damage.

1. Introduction

Currently, there are no methods for accurately assessing the magnitude of the potential yield of
horticultural crops. Agronomists, when conducting ground inspections of plantings to search for foci
of diseases for crop planning, are forced to rely on a limited set of data obtained by the visual method,
through systematic counts carried out at stationary sites and during route surveys, or using laboratory
tests [1, 2]. The most common laboratory methods for detecting horticultural diseases are
visualization methods such as fluorescence spectroscopy, visible and infrared spectroscopy, and
hyperspectral imaging [3]. The main problem in visual assessment of diseases is that the assessor
takes on a subjective task, prone to psychological and cognitive functions, which can lead to low
recognition rates [4, 5]. The industrial horticulture industry needs to develop an automated monitoring
system that will predict the yield of an orchard with an accuracy of at least 80%. There are various
methods for identifying diseases of horticultural crops [6-8]. Digital cameras and decision support
systems (“expert systems”) are used [9-13]. However, for an “expert system”, the accuracy of pest
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and disease identification mainly depends on the experience of the expert (agronomist). Currently,
these tasks in different countries of the world are helped by software tools and decision support
systems, such as Precision Gardening, Digital Garden [14,15], Agro Intelligent Vim [16,17], which
provide prompt processing of information flows from sensors and weather modules in real time,
reflecting the characteristics of growth and condition of plants in the critical phases of their
development. These software tools are based on the use of global positioning systems (Global
Navigation Satellite System), geographic information systems (Geographic information system),
systems for remote monitoring of the state of plantations and crops using UAVs and various IT
systems [18-20]. Existing approaches have proven themselves well for the cultivation of field crops to
take into account the numerical indicators of the quality and quantity of vegetation on the field plot,
various vegetation indices (NDVI, RVI, IPVI, WDVI) [21, 22], but for industrial horticulture, more
accurate monitoring is required using high-resolution cameras to analyze each fruit and subsequent
yield forecast [23]. An actual modern tool that is used in decision-making on the management of
vegetation processes is machine learning. The importance of its application is due to the complexity
of the task of analyzing fields and predicting a possible harvest, since many factors influence the
overall results. Expert technologies are also successfully used to analyze the information obtained by
monitoring the state of the environment [24, 25].

The purpose of the research is to improve the quality of identification of apple fruits on the crown
of trees by developing a monitoring system with a mobile application based on a neural network,
which will allow detecting, counting, determining diseases and ripening rates of apple fruits, as well
as the yield per hectare.

2. Theoretical Aspects of a Research

A multi-scale network architecture for image diagnostics has been developed to identify apple
fruits on the tree crown. The developed software and hardware complex consists of a photo (image)
collection unit, which includes a client software tool (mobile application, digital camera), a received
image processing unit, which includes a database and a neural network, which are installed on the
server, and a received data analysis unit.

The developed neural network based on the architecture of VGG-16 (Very Deep Convolutional
Networks) and SSD (Single Shot MultiBox Detector) recognizes and segments the fruits of an apple
tree on the crown of a tree, evaluates the object presented as a photograph, classifies it and gives the
result in the form of a probability in percent that it belongs to the fruit of an apple tree. The neural
network discretizes the output bounding box space into a default box set with different aspect ratios
and scales for each feature map (apple fruit) location. During prediction, the network generates a
presence score for each category of objects in each field by default and makes adjustments to the field
to better match the shape of the object.

The neural network is used in two ways of working, through the REST WEB API service (remote
procedure call is an HTTP GET or POST request, and the necessary data is passed as request
parameters or in the request body) and locally on the computer by specifying files for recognition. To
use the neural network locally, you need to prepare images in a local folder. Full addresses (paths) of
all images in the local must be placed in the file "test.txt", in which the path to each image must be on
a separate line. As a result of recognition, photographs with selected regions are displayed on the
screen, where the neural network considers that there is an object belonging to one or another class
from the previously trained ones. At the input of the work, the neural network receives an array of
bytes of the image to be recognized. At the first stage, the image received for recognition is processed,
it is converted to RGB format and resized to the size necessary for the network to work. Further, in
the course of work, the array of bytes is converted into matrices of the required n-dimensionality,
which, in turn, are transferred to the neural network. At the output, the neural network generates a
matrix in the cells of which contains information about the recognized objects and information about
their belonging to a particular class.

To train the neural network, photographs were collected using a Sony Alpha ILCE-7M4 camera,
the distances for shooting 0.2 m, 0.5 m and 1.0 m were determined, from angles that overlap each
other. The following varieties of columnar apple trees were used: President, Currency, Chervonets,
Lukomor, Malyukha. Senator, Triumph. Healthy apple fruits were chosen as the class - red, green;
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apple fruits affected by diseases - scab, powdery mildew, fruit rot, mechanical damage. More than
10,000 photographs of given classes of apples were taken. To prepare a sample for training, the
obtained photographs were labeled. The open source online utility VGG Image Annotator was used
for markup (Fig. 1).
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Figure 1: Data markup in VGG Image Annotator

The use of the VGG Image Annotator program for marking data made it possible to select the
necessary objects (apple fruits) in the image in the frame and assign a class to each bounding box,
saving the selection results in a JSON file.

The client-side software provides for receiving requests for image evaluation from the client
software (mobile application), transferring the image to the server in the deep learning neural
network, receiving a response from it, and issuing a response to the client software.

The database of the monitoring system stores structured information about all field measurements
made, the results of calculating the number of apple fruits on the studied rows of plantations, ensures
the integrity, completeness, reuse of data, and ease of updating data. The number of tables in the
database is 20, the maximum table size is 32 TB, the maximum record size is 1.6 TB, the maximum
field size is 1 GB, the maximum field size in a record is 250 pieces.

The software runs and functions on the Ubuntu operating system, a mobile application on the
Android operating system. Software and mobile application have the ability to work based on
incoming photos (images) online, as well as using previously captured photo material. The Android
application works on the basis of a neural network installed on a remote server to identify apple fruits
on the crown of trees and search for diseases on the fruit, saving the information received in the
database. It is possible to discretely count the number of fruits on a tree crown with the ability to
determine the yield of one tree, a selected row of plantations or the entire field. The information
obtained as a result of fruit identification and counting is sent online via GPRS mobile
communication and upon request of the API for Python, stored and processed using software on the
server for further forecasting and making agro-technological decisions.

The segmentation convolutional neural network of deep learning in the case of classifying the
presented image as a known biological culture allows segmenting the area of culture presence with an
accuracy of at least 85%, while the image segmentation speed does not exceed 0.8 seconds per image.

In addition, the network combines predictions from multiple feature maps at different resolutions
to naturally process features of different sizes. A distinctive feature of the chosen SSD architecture is
the ability to recognize objects in one run using a given grid of windows (default box) on the image
pyramid. Image processing speed can reach up to 59 FPS (Frames Per Second, frames per second).
The following list of Python libraries was used for the operation of the neural network: tensorflow-
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gpu, Numpy, OpenCV. Nvidia libraries: CUDA, CUDA toolkit, CUDNN. Driver Libraries: Driver
Nvidia Version: 515.65.01, CUDA Version: 11.7.

As a result of the research, the stages of image processing using a neural network have been
developed:

1. Low-level processing (low-level processing) - the first level of image processing, which
includes receiving an image from a mobile phone camera and converting it to digital form (pre-
processing), which brings images to a single format, removing noise, distortion and correcting color
levels.

2. Intermediate-level processing (intermediate processing) - the level of processing at which the
object is selected in the image. The accuracy of the further determination of diseases depends on the
accuracy of the intermediate processing. Segmentation and selection of objects can be done in three
different ways: threshold segmentation, edge-based segmentation, and region-based segmentation.
The result of intermediate processing is the selection of the fetus in the image.

3. High-level processing (high-level processing) - the last level of processing, in which the
recognition of infected fruits and their classification takes place. High-level processing includes the
use of deep learning algorithms and statistical methods (Fig. 2).
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Figure 2: Scheme of foresight of the image processing process using a monitoring system

In each of the three types of processing, there is a continuous interaction with the knowledge base,
which stores the necessary materials (model coefficients, examples for training and classification) to
perform accurate classification. To improve the accuracy of fruit identification, the knowledge base
needs to be replenished with materials and periodically recalculate the coefficients of the models.

The input data necessary to perform the specified functions of the complex and the output
information obtained as a result of the implementation of the complex of its functions are determined.
The input data includes an image of the research object in PNG or JPEG format, distance values to the
research object (measured by a digital camera or manually entered by the operator), geographic
coordinates of the place where the image was obtained (latitude, longitude, altitude), information
characterizing the optical system with which the image is obtained (real and imaginary size of the
camera matrix, focal length and equivalent focal length, image resolution of the object, vertical and
horizontal, digital zoom), information personalizing the research object (season, field, variety,
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vegetation phase). The web application has a structure consisting of a database, calculation models,
type and maturity determination, a web interface part, and a main part that combines the part that the
user sees, interacts with him, and outputs model results. The interaction between the pages of the
software module is presented in the diagram (Fig. 3).
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Figure 3: Scheme of foresight of the image processing process using a monitoring system

The output information includes the result of the study of the object for belonging to the fruit of
the apple tree - yes / no, the rate of ripening of the fruits of the apple tree, the result of counting the
number of identified healthy fruits and fruits affected by diseases (yield per hectare), the result of the
study of the object (selection of the area occupied by the object in the image, mask image file in PNG
format), the area of the area occupied by the object in the image, calculated from the characteristics of
the optical system, the distance to the object and the mask image, a log with systematized information
about the received data, personalizing the object of study with saving the image files and the mask of
the object of study on the server file system in the database with the ability to view the history of the
results of the study of the object in the software and sharing access to the history of the results using
authentication. The average absolute percentage error in measuring the number of apples on the
crown of a tree (comparison of their number with the true value measured by the visual method) is

determined by formula 1:
N, =N 1)
S = l I () sysl
Nz Ny
t=1

where Ny — the actual number of fruits measured by the visual method, pcs, N, - the number of
fetuses identified by the monitoring system, pcs, N - the total number of apples for a threefold
repetition of the experiment, pcs.
The number of fetuses identified by the monitoring system is determined by formula 2:
Nsys = Ny + N, (2)

where N, — the number of identified fruits on the tree using monitoring system on the western
side of the row, pcs, N, - the number of identified fruits on the tree using monitoring system on the
eastern side of the row, pcs.
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3. Results and discussion

Testing the operation of the monitoring system with a mobile application based on a neural
network, assessing the accuracy of counting the number of apple fruits on a tree crown was carried
out on an industrial plantation of an apple orchard aged 7 years. The scheme of the experiment is
shown in Figure 4.
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Figure 4: Scheme of the experiment

To assess the accuracy of the developed monitoring system, 5 trees in a row (trees No. 12-16) of
the orchard of the Currency variety were used. Using a mobile phone with an application installed on
it, based on a neural network on a remote server, the total number of apple fruits on the trees and the
number of infected fruits on the western and eastern sides of the row were determined in real time. To
avoid errors in estimating the number of fruits due to their mutual overlapping with leaves and
branches, the study considered fruits that were visually visible and identified at least 20% of their
actual size. The mobile application marks already recognized fruits, which eliminates duplication
when counting apples using a neural network (Fig. 5). Matrix barcodes (Quick Response code, optical
labels) were used to store and process the obtained data, containing the necessary information about
the object to which they are attached (Fig. 6). QR codes are read by digital devices and store data as a
series of pixels in a square grid. After scanning the QR code with the camera, the available data is
displayed on the screen of the mobile phone. The obtained data are stored in the developed database
Table 1).

The service allows real-time processing of photos taken from a smartphone (Fig. 5), as well as
static processing of individual photos on a PC after collecting data from any device with a digital
camera (Fig. 7). The results of the statistical evaluation of the obtained research results are shown in
Table 2. The experiment was carried out in triplicate, the maximum and minimum number of
identified fruits on the trees was determined, as well as the percentage deviation of the number of
visible fruits to the number of identified fruits using a monitoring system. Based on the results of
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processing the obtained experimental data, graphs were constructed for assessing the accuracy of
identifying apple fruits (Fig. 8). The percentage of fruit identification is calculated by the ratio of
fruits recognized by the monitoring system to the total number of fruits visible on the tree.
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Figure 5 - The process of identifying apple fruits using a monitoring system during the experiment
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Figure 6 - Plot of an industrial plantation of an apple orchard with installed QR codes for storing
and processing data

The mean absolute percentage error in counting the total number of fetuses was 5.59%, the mean
absolute percentage error in counting the number of infected fetuses was 11.5% compared to the true
value (visually measured). The accuracy of assessing the total number of fruits on the tree crown
compared to the true value was 94.72%, the accuracy of counting the number of infected fruits was
90.44%. Measurements of the speed of identification of apple fruits on trees were carried out (Fig. 9).
It has been established that the average time of pattern recognition does not exceed 0.6 seconds per
image, the average time of segmentation of an apple fruit from the background does not exceed 0.8
seconds per image, the average time of analyzing one image and obtaining a recognition result does
not exceed 1.5 seconds with comply with the technical requirements for the server and the
requirements for images.
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Recognition Results
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Figure 7 - The butt of the robotic software service with the number of known apples, including

healthy and sick ones

Table 1
QR codes for storing and processing received data

Object data

Object data

Intensive garden, plot: 8; Row: 2;
Tree: 12; Sort: Currency; Age: 7
years; Tree coordinates:
55.567281, 37.645590; Number of
fruits: 48; Infected fruits: 2;

Intensive garden, plot: 8; Row:
2; Wood: 15; Sort: Currency; Age:
7 years; Tree coordinates:
55.567254, 37.645696; Number
of fruits: 46; Infected fruits: 4;

Intensive garden, plot: 8; Row: 2;
Wood: 13; Sort: Currency; Age: 7
years; Tree coordinates:
55.567268, 37.645627; Number of
fruits: 44; Infected fruits: 1;

Intensive garden, plot: 8; Row: 2;
Wood: 16; Sort: Currency; Age: 7
years; Tree coordinates:
55.567253, 37.645740; Number
of fruits: 55; Infected fruits: 1;

Intensive garden, plot: 8; Row: 2;
Wood: 14; Sort: Currency; Age: 7
years; Tree coordinates:
55.567261, 37.645658; Number of
fruits: 52; Infected fruits: 3;

4. Discussion

The risk of this development can be calculated using the methodology for assessing the risks of

5. Conclusions

innovative projects based on fuzzy modeling (Yu. Samokhvalov, 2020) [26]. In modern conditions of
horticulture, the environmental factor is essential, the solution of the problem of long-term planning
according to the Leontiev-Ford ecological and economic model, taking into account the magnitude of
environmental costs, was proposed by the authors H. Hnatiienko et al. in [27,28].

The developed monitoring system based on a neural network makes it possible to carry out digital

monitoring both by photographic materials and by video stream online, operates stably in the
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conditions of industrial garden plantations, regardless of the size and interference of foliage,
determines the color of the surface of the fruit, identifies the presence of diseases and fruit defects
with a probability of at least 90% as a result of incremental expansion of the dataset during the
operation of the complex and the gradual evolution of the solution by training the network in the
process of working on new data.
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Table 2
Statistical evaluation of the obtained research results

Sequence number of a tree in a row 12 13 14 15 16
Avera_g_e number of identified fruits for three 47,67 43,67 5133 45,67 55
repetitions, pcs

Average number of identified infected fetuses for 233 1 3 4 1
three repetitions, pcs

Dls_per5|on in the general population of identified 0,22 0,22 0,89 0,22 0
fruits, pcs2

Standard deviation of identified fruits, pcs 0,44 0,44 0,89 0,44

T_he number of apple fruits found on a tree by a 51 46 53 48 59
visual method, pcs

The number of found infected apple fruits on a tree 3 1 4 5 1

by a visual method, pcs

Percentage deviation of the number of visible fetuses

to the number of fetuses identified using PAC, % 33,46 4,93 26,86 3,14 33,22

Percentage deviation of the number of visible
infected fetuses to the number of identified infected | 77,78 100 75 80 100
fetuses using PAK, %

Absolute percentage error in identification of the

total number of fruits, % 6,99 >,34 3,25 >11 7,27

Absolute percentage error in identifying the number

of infected fetuses, % 12,5 0 20 25 0

As a result of the research, it was found that for counting the number of apple fruits in industrial
garden plantations, the most suitable neural network is a recurrent deep learning network, since its use
allows you to recognize the contour of fruits and foci of diseases on them with high accuracy.

The monitoring system provides the ability to process at least 200 requests simultaneously and
gives a result in the form of a percentage probability that the identified object belongs to an apple
fruit, allows you to identify apple fruits on the crown of trees, count their number, determine diseases
and ripening rates of apple fruits and crop volume per hectare. The developed neural network will
expand the functionality of the monitoring system not only for monitoring the yield of fruit crops, but
also for robotic harvesting of fruits [16, 17, 29] with the determination of the coordinates of each fruit
or its part and the return of the coordinates of the center of the fruit and its contour indicating the
areas of defects or diseases [30] on the fruit to the controller of the manipulator device.
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