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Abstract—The article presents Botanicum — a telegram bot
for tree classification based on the image of a leaf. In this work,
we used our previously developed classification model which
underlies the bot. Botanicum can identify 20 different tree species
typical for Russian flora. The process of user interaction includes
a simple chat and a short instruction on how to take a photo.
After image verification, the bot either outputs error description
or the classification results. We managed to increase the
classification accuracy to 97,8% by outputting top results instead
of one single option.

1. INTRODUCTION

The ability to recognize plant species in situ is an actual
problem that can be solved by computer vision methods. One
of the features of this research area is the incapability to find a
universal solution due to the diversity of flora in different
geographical areas. Despite the considerable number of
approaches, there are not so many final products designed for
plant recognition, and none of them covers the Russian
audience. We have built our dataset using several public ones
and developed an algorithm for classification of trees typical
to European Russia, which showed high accuracy.

Telegram Messenger was used to implement the algorithm
as it allows developers to create bots with a diverse
functionality. The main advantage of this approach is the
support of most platforms, as well as the ability to quickly
implement and test the application. In this article, we present a
telegram bot that allows users to define 20 species of trees by
the image of a leaf.

The paper is structured as follows: Section II reviews
related works including the research on which this paper is
based. Section III provides an overview of the tree classifier.
Section IV emphasizes on design principles and reasons
behind component and technology selection. Section V
describes the process of communicating with the bot. Finally,
Section VI discusses results achieved by the bot and concludes
the work.

II.  RELATED WORK

Methods for automatic tree recognition based on a leaf
image have been studied previously and several working
applications have been implemented. Kumar et al.
demonstrated Leafsnap, a mobile application for identifying

plant species using automatic visual recognition. The system
identifies 184 tree species of the Northeastern United States
from photographs of their leaves [1].

Cugu et al. created a tree classification system called
Treelogy. It fuses deep representations with hand-crafted
features obtained from leaf images to perform leaf-based plant
classification. The system identifies the species from a dataset
of 57 trees [2].

Belhumeur et al. describe a working computer vision
system that aids in the identification of plant species. It is
currently in use by botanists at the Smithsonian Institution
National Museum of Natural History. The system extracts the
leaf shape from a user photograph of an isolated leaf on a
blank background and matches it to the shape of leaves of
known species [3].

P. Novotny and T. Suk [4] developed a web application for
tree recognition based on a leaf image. Users may input the
size of a leaf and its type and adjust thresholding and
resolution. A dataset called Middle European Woody Plants
used for the system implementation currently consists of 199
species and was partly used for building our own dataset.

Pierre Barré et al. described a system for automatic plant
species identification trained on various datasets [5]. The
authors implemented a deep learning convolutional neural
network and compared it to hand-crafted algorithms which are
usually applied for solving plant identification tasks. The high
results achieved in the work showed advantages of applying
deep learning. The system is available for downloading and
testing. However, an installed deep learning environment and
some programming skills are required, so ordinary users
cannot experience the system.

With the growing computational power in smartphones,
more mobile recognition systems are being developed. A real-
time system developed by Yoshiyuki Kawano and Keiji Yanai
can help users recognize food and estimate its nutritional
characteristics [6]. Unlike most recognition systems, FoodCam
doesn't upload images to a server, but users are required to
manually draw the bounding boxes for correct food
recognition. The authors achieved good results in food
classification and implemented the system as a mobile
application for smartphones on Android platform.
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The work presented in this paper is the implementation of
the study published in [7] as a Telegram Bot. In the paper
classification model is described. The method of the nearest
neighbors was used for the classifier. The model was trained
on 1464 photographs of 18 species of trees that are typical for
Russian flora. The accuracy of the developed algorithm
showed a high value - more than 95% on the test sample.

III. THE TREE CLASSIFIER

For our classifier we used a dataset based on MEW 12 [4]
and Swedish Leaves Dataset [8] taking into account the
characteristics of the local flora. More information about the
dataset is given in a previous study [7] devoted to the method
of extracting features for tree classification.

We completed the previous dataset with three classes:
common beech (fagus sylvatica), common barberry (berberis
vulgaris) and rowan (sorbus aucuparia), thus obtaining 1667
images of 20 tree species (Fig. 1). The dataset can be extended
by using various sources. In the future, we plan to do so and
complete it with images of tree species typical for Russian
flora.

The implementation of the algorithm was carried out in the
Python programming language using the OpenCV computer
vision library [9] and the machine learning library scikit-learn
[10]. Python provides a powerful environment for learning and
experimenting with Computer Vision and Machine Learning
together with OpenCV and scikit-learn. OpenCV is one of the
most popular image processing libraries and it is suitable for
solving a wide range of tasks, including the one set before us.
Scikit-learn is currently the most widely used library for
Machine Learning applications. Both mentioned libraries are
open source and free to use.

During feature engineering, we reduced the number of
extracted features to 20 in comparison with the previous work.
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Fig. 1. Examples of leaves of all 20 species
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A new feature, circularity, was added, which increased the
accuracy to 1%. Circularity is a shape descriptor that can
mathematically indicate the degree of similarity to a perfect
circle. It is a ratio of area of the leaf to its perimeter squared
multiplied by 4n:

a
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where a — area of an object (leaf), p — perimeter of an object.
Circularity with a value of 1 indicates a perfect circle [11].

(1

Even though the size of a leaf is considered an important
characteristic, we cannot use it as a feature, since we are not
aware of the size of a leaf based solely on its photograph.
Moreover, photos of leaves are likely to be made in different
conditions. Our program code includes scaling images to
approximately the same size. Large images are shrinked while
considerably small images are enlarged.

For the classification accuracy evaluation, we divided our
images on the training and testing set which accounted for
75% and 25% of the dataset, respectively. The accuracy
obtained on the testing set was 93,7%, and the confusion
matrix indicates that most errors are single leaves of different
classes and a slightly more visible confusion occurs in species
belonging to one genus, Betula. (Fig. 2).

In some cases, incorrect classification occurred when the
probabilities of two classes were relatively close. We decided
to output all classes with nonzero probability, so that the result
could be either one or several classes ranked according to their
probability, and the classification accuracy increased to
97,8%.

For the classification we used the nearest-neighbor
algorithm (k-NN) with k = 3. This value was chosen after a
series of experimental measurements of the classification
accuracy with various values of k. Since we needed a
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Fig. 2. Confusion matrix

classification model that would allow us to output several
possible results, we were looking for the largest value of k
among those that allowed us to obtain the highest accuracy.
The number of possible classes in the output depends on the
number of neighbors in k-NN, and our classifier may output
up to 3 classes as a result. While other -classification
algorithms performed with a lower or similar accuracy, it was
decided to keep the k-NN as the simplest one while our project
is still in development.

IV. BoOTANICUM BOT

Telegram Bot is an account in Telegram driven by
software, which often has the functions of artificial
intelligence. Bots have become a popular tool for any purpose.
They can teach, play, use search, remind of current affairs,
integrate with other systems or even transfer commands to
other services.

The main task of the bot is an automatic response after the
command entered by the user. At the same time, working
directly through the Telegram interface, the program simulates
the actions of a live user, due to which the use of such a bot is
much more convenient and understandable. That is why,
people who develop their ideas through the Internet, use the
capabilities of bots for several reasons: bots allow to use the
new channel of communication with the target audience, and
they quickly perform monotonous work, allowing to discharge
hands, letting them do more valuable work.

For the implementation of our classifier, we have created a
telegram bot (@botanicum bot using a python-telegram-bot
library [12]. The component diagram describing the structural
relationships between program elements is shown on Fig. 3.

The components of the developed system are python code
files. The executable file “bot.py” contains the main code of
the program including user instructions. This file requires
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three source files and the python-telegram-bot library, which
provides python interface for the Telegram Bot API and some
necessary for telegram bot development functions. The first
required file is “leafCheck.py”. It contains the algorithm of
verifying whether the image meets the requirements for the
further processing. The second one, “processLeaf.py”, is
responsible for feature extraction. This file, in turn, uses
“countHWC.py” functions needed for peak related features.
For peak detection we used existed implementation [13] stored
in the “peakDetect.py” file.

One of the main innovations in the algorithm is the program
implementation of image verification. Discarding  of
unsuitable images reduces the load on the server. Low-quality
photos of leaves can lead to incorrect classification. To ensure
the correct work of the classifier, a leaf should be
photographed intact, with a petiole, and must occupy more
than 10% of the image space and be on a light neutral
background.

Information on how to properly take a photo of a leaf is
provided to the user, but often images have poor quality and
can cause errors in the classification process. To avoid such
errors, a “leafCheck” module was implemented.

The process of image verification occurs in parallel with
the main image processing, and the error search is performed
at its different stages. After binarization, small objects are
removed, and if the leaf is smaller or larger than the specified
value, an appropriate error will be issued. During the search
for the petiole, the background noise is also checked. In case
several contours are detected during the object shape
processing, an error is issued. The object boundaries must not
touch the image borders, except for the thin elements (e.g. the
petiole or the leaf tip), since the leaf shape is its main feature,
and must be present in the image wholly. A too light or too
dark image will be incorrectly processed during binarization,
and a corresponding verification is also performed. In the
absence of errors, the processed image is then sent to the
"processLeaf" module for feature extraction.
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It is important to note that the object on the image may be
anything as long as the image meets the requirements. In this
case, the result of classification is unpredictable. We do not
evaluate whether the image contains a leaf or any other object
due to high diversity of leaves, and the “leafCheck” module is
implemented in order to filter the images that might cause
problems during processing.

While our target audience are users who live in Russia, a
Russian version of the bot @TreeLeafBot was created. Having
the same structure and classification model, the bot operates
entirely in Russian language. Common names are used to refer
to tree species and description buttons provide links to the
Russian Wikipedia.

V.  USER INTERACTION WITH THE BOT

The process of user interaction with the bot is shown on
activity diagram (Fig. 4). The bot contains a short instruction
on how to take a picture of a leaf. After receiving an image,
Botanicum runs a “leafCheck” module in order to verify that
the image meets the requirements for the further processing. A
picture must be taken on a light neutral background with only
one leaf present. In case the uploaded image doesn’t fit this
description, the user is notified of the error and its possible
causes.

The following errors may be raised during image
processing:

The leaf is too small

The background contains noise

Several contours of objects are detected
The leaf exceeds image borders

The image is too dark or too light

Examples of such errors are shown on Fig. 5 and Fig. 6

In case there were no problems detected, the image is
processed for feature extraction and classification and a
message on successful verification is sent to the user. The
result is displayed as a short chat message with the name of
one or several possible species (Fig. 7, Fig. 9). The user is also
given a button for each species allowing them to read a short
piece of Wikipedia article along with a link to that article
(Fig.8).

Apart from image processing, the bot supports a simple
chat with users by responding to text messages with random
lines, e.g. “Please send me a photo of the leaf”, and via the
\help menu which provides access to the following commands:

\start
\help
\howto
\trees_list

I gegram Liser

Bolaneowm Bot

Start a chat

\_J'/’Hequat image upload j
\

feature

Check
confarmity

Upload an image

|ele)]

angeneerg

= ihe image mestine requramants] %

‘_J'/Prmeuthe uploaded Immﬂ

and the instructon

L

Output the error message

Clasaify an image using the
extracted features

Click the link

| Output the result '|
<
. F

Fig. 4. Activity diagram
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Botanicum
60T

The leaf is too small. Please, take a
closer shot!

12331 v/

” This doesn't look like leaf at all!

Fig. 5. Error processing

The \howto command provides the instruction on how to
take a correct photograph of a leaf, and \trees list reveals
description buttons for all tree species recognized by the bot.

To test our bot we asked a group of people with different
mobile platforms and browsers to perform a series of
experiments. The group tested all of the bot's functions with
real-taken leaves pictures.

Since the tests were conducted in late autumn, it was
impossible to perform them outdoors, as there was no foliage
left on the trees and the participants had to use our personal
herbarium instead. While the bot showed good working
capacity on every device and worked even on forwarded
messages, it is still expected that a series of experiments in situ
with real leaves will be performed in the summer.

VL

In this article, a telegram bot for tree classification was
described. An image of a leaf is required for tree recognition.
Users may take pictures of leaves and upload them directly to
the chat. As the images are rescaled, their size is not important
as long as the images meet the requirements described in the
instruction provided. The current dataset is focused on Russian
flora and the bot can currently recognize leaves of 20 tree
species. A k-NN classification algorithm was used with k = 3,
and the accuracy of 93% was obtained on the testing set. By
setting the classifier to output up to 3 possible species we
increased the accuracy to 97%.

CONCLUSION AND FUTURE WORK
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Botanicum
60T

‘ Error. Use a neutral background,
' please

. Error. The leaf exceeds the imag
| borders

Fig. 6. Error processing

The bot is able to imitate a simple chat and show an
instruction on how to correctly take a photograph of a leaf.
Users are provided with buttons, pressing which allows them
to receive information on tree species along with links for

Botanicum
60T

- D

Nice photo! . -,

This is most probably acer
platanoides. More info on it:

Acer platanoides

Fig. 7. Example of a correctly classified leaf
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Botanicum
60T

.| One moment, I'll check what tree is
| that 011

~ Acer platanoides (Norway maple) is
a species of maple native to eastern
and central Europe and western
Asia.
Itis a deciduous tree, growing to
20-30 m tall with atrunk up to 1.5
m in diameter, and a broad, rounded
crown. The bark is grey-brown and
shallowly grooved. Unlike many
other maples, mature trees do not
tend to develop a shaggy bark.

https://en.wikipedia.org/wiki/
Acer_platanocides

Wikipedia

Acer platanoides

| Acer platanoides (Norway
maple) is a species of maple

native to eastern and central Europe and
western Asia, from France east to
Russia, north to southern Scandinavia
and southeast to northern Iran. It is ...

Fig. 8. A short description given to a user

further reading. Various error descriptions may be shown in
case the image doesn’t meet the requirements.

Our further work will be focused on the dataset extension
along with developing new feature extraction methods in order
to obtain high classification accuracy. It is also likely that we
might use other plant organs for a more accurate classification
during blooming when many species become allergenic. We
will focus mainly on the flora of Saint Petersburg, Russia.

We are already in process of cooperation with Saint
Petersburg Botanical Garden and Institute in order to collect
our own leaf dataset and discover new features for better
classification performance. Our next step is implementing the
geographic data extraction, which will help us create an
interactive tree map as well as increase accuracy of
classification of species with known location. Thus, the system
will be valuable to green area specialists and urban planners.

As we go forward, we plan to implement more up-to-date
machine learning methods such as convolutional neural
network in order to improve our algorithm. Our dataset is large
enough to conduct this kind of experiments, so we will
evaluate the results by comparing them with those we have
obtained using our current algorithm.
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