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Abstract
The leaf, as the vital part of plants, can be affected by physical and physiological factors which might lead to changes 
in its shape, color and size. These unique parts play an essential role in the design and implementation of plant rec-
ognition systems, as the shapes of leaves vary among different plants. Weather type and related factors, such as light 
intensity, humidity, temperature and wind-speed, may have effects on the number of leaves that grow on a plant, the 
amount of fresh and dried leaves, the deformation of leaves, color of leaves, positions of leaves on branches, etc. In addi-
tion, photographing in outdoor environments with different weather conditions has undesired impacts on images. For 
instance, light scattering changes severely when there are water droplets during photographing which influences the 
images captured in rainy weather. Despite the importance of the proposed factors and the relevant effects on the plants, 
leaves and images taken from plants, a plant recognition system should be independent from all environmental and 
non-environmental factors to be practically useful and applicable for identifying plant species in uncontrolled outdoor 
environments. Moreover, changes in the time of day (morning, noon and evening), the distance between camera and 
plant species as well as the angle and illumination of the object and environment when the images are taken should be 
considered in the process of plant recognition. For instance, in a windy weather condition, for an observer even from a 
short distance, it is challenging to distinguish all single leaves and identify the plant type from the shape of its leaf. Fur-
thermore, the unstructured background of the images is another challenge which affects the images captured in fields 
and outdoor environments. These are only some difficulties for identification of plants in natural environments such as 
farms, forests, etc. A consideration of mentioned factors contributes to developing a novel, efficient and accurate system 
for plant recognition that can be used in various uncontrolled outdoor environments. In the real-life, the images of the 
plants captured with the presence of these factors are very challenging for recognizing plant species and it is a desire 
to develop an efficient and accurate system that can be used in various natural conditions and uncontrolled situations. 
This paper presents the development and implementation of a convolutional neural network for automatic plant rec-
ognition in uncontrolled outdoor environments. The deep network has been used to recognize four different natural 
plant species. The proposed system brings the opportunity and transformative potential of deep neural networks to 
the plant recognition field. This fully-automatic system is efficient and generalized for recognition of plants in outdoor 
environments like forests and farms, and its the accuracy is 99.5%. Meanwhile, the final system has the functionality of 
being applied as a real-time one.
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1 Introduction

After several decades of using various traditional 
machine learning algorithms, like support vector 
machine (SVM) [1], naive Bayes [2] and traditional neural 
networks, deep learning is a tremendous and competi-
tive area for researchers and experts. Strenuous effort 
has been consumed with simulating the human brain, 
visual, and auditory systems in reality. Astonishments 
are inevitable in the deep learning area as it is a com-
pletely new generation in the machine learning field. 
This area has obtained a significant and undeniable 
role in machine learning and pattern recognition fields, 
although it is still at the beginning of its existence [3]. 
Deep learning is spending its evolution path, and it is in 
continuous progress as an active area. Many applications 
and areas have been connected to deep learning such 
as speech recognition, object detection and recognition, 
natural language processing (NLP) [4], customer relation-
ship management (CRM) [5], etc. Benefits of deep learn-
ing algorithms can be used to improve and enhance the 
current developed systems in areas such robotics, agri-
culture and health sector.

Plants from the Devonian period did not grow very 
high as evidenced by fossils discovered in different 
places of the world, and the simplicity in structure was 
another common feature. These plants had stems, bifur-
cations and possibly spines, without leaves. The levels 
of their complexity have changed during the course of 
their life history. Furthermore, plants have been spread 
all around the world and even some of them are living 
in the oceans. Due to the location and circumstances of 
plants, they have unique roles which affect their own 
life and the lives of other organisms. Considering their 
impacts on human life leads to a better understanding of 
their roles. Plants have been traditionally considered as 
huge sources of energy, which is a permanent fact, and 
history shows the development of agricultural science 
before Roman times.

In modern life, the role of plants has become more 
colorful, whereby many researchers from various fields 
are working with plants either directly or indirectly. 
Plants affect climate and ecosystems directly and indi-
rectly. They have many applications in agriculture, 
energy, environment, health, medicine, etc. Since the 
twenty-first century, providing necessary food for the 
world has become more important due to population 
growth and the climate change, particularly in some 
regions. Therefore, more emphasis has been given to 
developing new agricultural methods for farmers. In 
addition, farm management has different aspects which 
cannot be ignored; for instance, optimization is one of 

the significant aspects of this issue. In order to use the 
whole capacity of a farm and optimize the products, one 
possible solution is to identify weeds and pests in field 
crops. It is very challenging for farmers to know all types 
of weeds due to their large variety. Hiring plants special-
ists to recognize types of plants does not have any eco-
nomic justification, and it is also impossible to host this 
expertise on farms all around the world. In addition to a 
lack of knowledge, human observations are often inac-
curate when two different plants have the same shape 
of leaves. Therefore, it is difficult to separate observed 
human data in some cases.

Traditional methods are not always useful for plant rec-
ognition as they are mostly expensive, time-consuming 
and human interaction is also needed. Thus, a system 
should be developed to recognize and identify plants 
automatically. The generalization and characterization of 
such a system are important factors, limits and parameters 
to judge its applicability. Additionally, such a system can 
be applied and used as the backbone of modern farming.

In Germany, the Federal Ministry of Food and Agricul-
ture decides on general regulations. It tries to increase 
the motivation of the local population to realize their 
own projects to secure and guarantee the future of farms 
and villages by organizing federal competitions, such as 
“Our Village has a Future” [6]. In this way, the importance 
of using new agricultural methods is spread throughout 
the country.

Plant recognition is always a challenge even for bota-
nists who are specialists in botany and plant sciences. It 
is very glamorous research due to its importance in other 
fields such as medicine, the pharmaceutical industry, mod-
ern farming, etc. In order to automate plant recognition, 
tremendous efforts have been put into this task to find 
a good solution and create an exact and precise system 
[7–12].

In previous work [7], Fathi Kazerouni described and 
used modern description methods to recognize differ-
ent plant species of the Flavia dataset. In order to do fea-
ture detection and extraction, the scale-invariant feature 
transform (SIFT) algorithm [13] has been used, and two 
other methods, including the features from accelerated 
segment test (FAST) [14] and HARRIS [15] methods, have 
been combined with the SIFT algorithm. The obtained 
result is exploited by SVM, which is a machine learning 
task. The researchers used the speeded up robust features 
(SURF) algorithm [16] and combined the SURF methods for 
recognition of plant species in [8].

In [17], color histograms and color co-occurrence 
matrices have been used to distinguish the similar-
ity between two images. If the overall color or color 
pair distributions of two images were close, they were 
matched as similar in terms of their colors [17]. However, 
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plant color is not a reliable factor as it changes across 
different seasons and during times of the day. Moreo-
ver, light intensity affects the observed color of leaves. 
Geometrical features have been analyzed in [18] to do 
the plant recognition task. A series of measurements, 
like area, perimeter, maximum length, maximum width, 
compactness and elongation [18], have been carried out, 
but this proposed method cannot be utilized in all con-
ditions and situations. In [19], leaf contour is performed 
by using a feature extraction method and plant identi-
fication has been carried out through the images. The 
method used can be applied and utilized for artificial 
images. The probabilistic neural network has been pro-
posed to recognize plants in [20], whereby 12 features 
were extracted in order to fulfill the purpose of achiev-
ing an accuracy greater than 90%. In [21], two methods 
of feature extractions, linear discriminant analysis (LDA) 
[22] and principal component analysis (PCA) [23], were 
applied to plants. In [24], a novel approach called semi-
supervised locally linear embedding (Semi-SLLE) was 
proposed and it could be coupled with simple classifiers 
to recognize plant species. In addition to efficient dimen-
sion reduction, the final results proved the great perfor-
mance of the proposed approach on leaf images and 
the recognition rate was equal to 90.26%. One important 
point is that most proposed methods deal with a single 
leaf in each plant image. In some situations, it is impos-
sible to deal with just one complete leaf in an image, 
therefore, it is very challenging to recognize plant spe-
cies correctly.

Due to the necessities of the modern life and the 
development of technology, modern data is needed to 
solve new problems and challenges of human life and 
its environment. To overcome the real-life problems in 
different fields, new novel techniques have been pro-
posed which are directly or indirectly connected to 
soft computing area. In 2002, the problem of the multi-
person multi-objective conflict decision was addressed, 
and a model was proposed which was based on the 
reservoir flood control [25]. In 2011, Wu and Chau [26] 
proposed three models, linear regression (LR), artificial 
neural network (ANN), and modular artificial neural net-
work (MANN), with singular spectrum analysis (SSA) for 
predicting daily Rainfall–Runoff (R–R) transformation 
which has been a hard task in hydrology. The models 
were examined by two different watersheds, Wuxi and 
Chongyang, and the final experiments proved that 
the ANN R–R model led to promising results. In 2018, 
another interesting work was proposed in [27] and the 
lack of the measured evaporation data was investigated 
in meteorological stations of two cities in Iran, Rasht and 
Lahijan, over a period, from 2006 to 2016. A support vec-
tor regression (SVR) model [27] and a hybrid SVR-based 

firefly algorithm (SVR-FA) model were used to simulate 
the evaporation process.

There are still unsolved and complex problems in real-
life applications. Another challenging task, direct measure-
ment of solar radiation, has been considered in [28] and 
an excellent examination of the performances of differ-
ent data-driven techniques, SVR, model trees (MT), gene 
expression programming (GEP) and adaptive neuro-fuzzy 
inference system (ANFIS) was done. In addition, six equa-
tions in predicting global solar radiation (GSR) at the same 
synoptic station in Tabriz, Iran, were proposed and they 
were actually empiric. It is worth mentioning that the GSR 
was daily measured at the mentioned station from the 
beginning of 2011 to the end of 2013. Another interesting 
real-life problem related to a set of different fields, agri-
culture, hydrology, water resources engineering and early 
flood warning has been proposed in [29] and enhanced 
version of extreme learning machine (EELM) model [29] 
was proposed to do river flow forecasting. In order to do 
the experiment and the evaluation, the proposed model 
was applied in a tropical environment and several metrics 
such as the coefficient of determination (r), Nash-Sutcliffe 
efficiency (Ens), Willmott’s Index (WI), root-mean-square 
error (RMSE) and mean absolute error (MAE) were com-
puted [29]. Recently in 2019, Baghban et al. [30] proposed 
a new approach to develop a general model for predict-
ing nanofluid relative viscosity (NF-RV) [30]. To achieve the 
goal, expansion of an adaptive network-based fuzzy infer-
ence system (ANFIS) was performed [30]. The proposed 
model can be used as a tool for helping chemists and engi-
neers who are involved with nanofluids in their works [30].

Another complex problem in agriculture and botany 
is natural plant recognition in real-life environments, and 
it has been remained an unsolved problem by consider-
ing different environmental limits and factors. Hence, one 
modern dataset can evolve in terms of size, complexity, 
generality, etc. The modern dataset [31] is completely 
different from other available datasets, and more details 
are explained in Sect. 3. In the controlled conditions, like 
a laboratory, artificial environment and indoor environ-
ment, it is feasible to capture leaf images by considering 
constant and fixed limits and factors during photograph-
ing. Available plant datasets like [20, 32] contain mostly 
single leaf images with homogeneous backgrounds, 
usually a simple white background, and images taken of 
similar leaves without petiole. Although the size or color 
of leaves might be changed within images captured from 
one specific plant species, similarity among the leaves of 
the plant species still remains. However, it is even hard for 
the human eye to recognize different plant species in such 
plant datasets due to the complexity of single leaf images. 
Furthermore, a certain lighting condition (brightness and 
light intensity) is usually considered and different related 
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factors, such as the point of view and angle, are kept fixed 
when capturing images from leaves.

The points mentioned create a gap between existing 
plant recognition systems and a system that is a demand 
in real-life. Therefore, a major task is to first find the real 
challenges and difficulties of plant recognition in uncon-
trolled conditions and then prepare a new dataset by con-
sidering the main challenges in natural environments. In 
nature and outdoor environments, the first factors that 
affect photographing are lighting condition and light 
intensity. If two pictures are taken of a plant, on two dif-
ferent sunny days, but in an outdoor environment with the 
same camera setting, angle, point of view, etc., as well as 
the same distance from the camera to the plant, there is 
no doubt that the images will not be completely the same 
because the light intensity, brightness and lighting condi-
tion might be different and the position of the main source 
of light, the sun, will affect the images and photographing 
process. The change of illumination and its effects cannot 
be neglected in natural color images captured in natural 
outdoor environments.

Another effective factor in the plant recognition pro-
cess is actually the weather type, but its importance has 
not been considered in existing common datasets. For 
instance, the windy weather might result into the move-
ment of the leaves while taking pictures. It results in a 
reduction in the clarity of the objects, the leaves, and 
an increase in the number of the deformed leaves in the 
images. Consequently, the final captured images will most 
probably be blurry. Whereas the fog leads to a decrease 
in the contrast of the images, and light scattering and 
blocking might be caused by small water droplets in 
the outdoor environment. As a result, other parameters, 
such as the amount of light, contrast, visibility, etc., will 
be changed. Furthermore, clouds change the amount 
of absorbed and diffused light, and visual effects might 
result as there is no direct light in the environment. All 
mentioned points add new challenges and difficulties to 
the plant recognition process.

Another important factor is the time that pictures are 
taken in uncontrolled conditions. If the setting of the cam-
era, distance, etc., have been kept fixed and an image has 
been taken from one plant in an urban environment in the 
morning, the image captured from the same plant with 
the same conditions in the afternoon will be completely 
different as the light source and the amount of shadow 
have not remained the same. If the images of plants have 
been taken on different days, more challenges are added 
to the plant recognition process. For instance, the number 
of dried and fresh leaves might be changed, and the color 
of leaves does not stay the same even if the specific parts 
of plants have been considered as the region of interest 
for capturing photos.

Before explaining the other effects of weather types 
and time, it is essential to consider another factor that has 
effects on plant recognition which has been neglected 
in available datasets. A plant recognition system can be 
called a general one if it can be utilized at different dis-
tances. The definition of distance in this case is actually 
the distance between camera and plant. To meet the 
goal of developing a plant recognition system without 
depending on the distance, it is necessary to have a data-
set which includes images taken from different distances. 
Being independent from the distance increases the sys-
tem’s efficiency in real-life application. It should also 
be pointed out that human visual system is not able to 
identify the shapes of leaves and plant species if the dis-
tance between the individual and the plant is great. For 
instance, if the observer is looking at a plant from 2 m, it is 
certainly impossible to identify the shape of a single leaf 
with enough detail. Furthermore, the observer would be 
looking at a scene with a bunch of leaves that might not 
be countable at all. An image taken of a plant from 150 cm 
also contains an uncountable number of leaves with the 
additional complexity of unwanted objects in urban and 
outdoor environments which add new challenges to the 
recognition task. Although the distance is an extra chal-
lenge, adding this factor to a plant dataset is a big jump for 
the next generation of plant recognition systems.

The effects of the weather condition and the distance 
can be considered together. It is possible to investigate 
weather types due to the physical properties and visual 
effects and make classifications referring to steady types, 
like fog, mist and haze, and dynamic types, like rain, snow 
and wind. By considering the steady class, it is found that 
droplets are too small, and they lie in a range from 1 to 
10 μm . Due to the mentioned range, droplets cannot be 
detected in an image captured at a long distance, but 
they obviously have effects on the plant recognition task. 
On the other hand, an investigation of the dynamic class 
proves that weather dynamics make images much more 
complex. Considering two images taken of plants in out-
door environments, like farms, shows that wind makes 
leaves invisible and rain produces a sharp intensity in 
images. In addition, a raindrop consists of small particles 
which are 1000 times larger in size, from 0.1 to 10 mm, if it 
is compared to a droplet in the steady class.

During photographing in the natural environment, two 
other important factors include the point of view and the 
angle. In many existing plant datasets, these two factors 
do not change, and they stay the same for all images. How-
ever, if the goal is to use a plant recognition system as a 
real-time system on farms, the story will be changed, and 
there is no guarantee of taking pictures from the same 
point of view or angle. For this purpose, it is necessary 
to prepare a dataset consisting of different images taken 
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from various points of view and angles. An effective solu-
tion is to capture the images from the plants in the natural 
environments randomly which can be interpreted as tak-
ing the pictures without a dependency on the point of 
view and the angle and trying to increase the variety of the 
images taken at various angles and points of view. Hence, 
the final system should not have an angle-dependent 
mechanism to be able to identify the plant species cor-
rectly without any prior knowledge about the complete 
shape of leaves.

By taking random images of plants, leaves might over-
lap which result in the deformation of the shape of the 
leaves in images. It is a hard challenge to develop a system 
that is able to perform recognition task when it is almost 
impossible to extract complete and enough informa-
tion from the image about the shape of the object which 
should be recognized. In images captured from plants in 
outdoor environments, all leaves within images may not 
be complete and visible, thus the recognition process can-
not be done correctly if the plant recognition system relies 
on information extracted from the whole contour of the 
complete leaf. In order to overcome this challenge, it is 
a demand to design a system that is able to identify the 
types of the plants in tough uncontrolled environments. 
Due to the mentioned points, the modern natural data-
set has been made in an appropriate way to meet the 
requirements.

Another important factor is time of taking pictures in 
uncontrolled conditions. If the setting of the camera, dis-
tance, etc. have been kept fixed and an image has been 
taken from one plant in urban environment on the morn-
ing, the image captured from the same plant with the 
same conditions on afternoon would be completely dif-
ferent as the light source and amount of shadow haven’t 
remained the same after several hours. If images from 
plants have been taken in different days, additional chal-
lenges would be added to plant recognition process. Num-
ber of dried and fresh leaves might be changed, and color 
of leaves doesn’t remain the same even if specific parts 
of plants have been considered as region of interest for 
capturing photos.

The mentioned factors add new challenges to the plant 
recognition task and they have been introduced and 
identified to make a real natural plant dataset and sub-
sequently develop a real-life application to identify plant 
species. The prepared dataset [31] in this work has unique 
characteristics from different aspects and the golden key 
to solving the problem of natural plant recognition is large 
variability seen among its images. It is also worthy to men-
tion that a similar dataset is not available and the details of 
the modern dataset will be provided in Sect. 3.

This work is the continuous works of [9, 10] where 
combined methods has been used for plant recognition 

systems. Alongside with the high accuracy of 94.9404% 
of the previous works, their limitation were their depend-
ency on different conditions and insufficiency for real-time 
applications. In this work, however, the state of the art, 
deep learning method, has been employed for the natural 
plant recognition system to overcome the limitation of the 
previous works and also to increase the overall accuracy 
of the system.

In [9, 10], modern approaches like FAST-SIFT, FAST-SURF, 
HARRIS-SURF, etc., have been applied to build automatic 
natural plant recognition systems where the modern data-
set which will be explained in Sect. 3 has been utilized 
and six different systems have been implemented finally. 
Each system was based on building a unique vocabu-
lary for each distance. As an example, the system based 
on the HARRIS-SURF method has one vocabulary for the 
distance 25 cm and another vocabulary for the distance 
50 cm. If the testing step is performed on the images taken 
from 25 cm, it is essential to use the vocabulary built for 
this specific distance and it is not possible to utilize the 
vocabulary which has been created for distance 50 cm. 
The experiments and the tests showed promising results. 
For instance, the accuracy of the system which has used 
the SIFT approach as one of the components is 94.9404%. 
One lack of the developed systems for the natural plant 
recognition was the dependency of the systems on the 
pre-information about the distance between the camera 
and the plant. Hence, it was essential to use the correct 
vocabulary for each distance to recognize the type of the 
plant for the new test.

Despite the efficiency and good performance of the 
proposed systems based on the combined methods, new 
goals have been defined and the current work will fulfill 
the remaining goals. In fact, the proposed systems are the 
first members of the new generation of plant recognition 
systems which are able to identify plant species in natural 
environments by considering new factors like distance, 
time of day, etc. One goal is to build an improved system 
with higher accuracy; therefore, it has been decided to 
use deep neural network by the human brain and vision 
systems and extract more useful information from natural 
plant images. In addition, one goal of the current work 
is to make natural plant recognition closer to the human 
vision system.

In addition, it is a desire to have a general algorithm 
which is able to detect and extract features efficiently in 
any challenging condition in a natural environment. This 
generality also contributes to the other goals of the new 
system as it should finally be used as mobile and real-time 
plant recognition system. Instead of using just 2-dimen-
sional information, it is feasible to add depth to the input 
images which results in obtaining 3-dimensional volumes 
in the training process and getting high level features and 
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spatial information which are actually the main need for 
the classification problems. Furthermore, it leads to predict 
the outputs through an advanced and effective process.

Another goal is to build a distance-independent sys-
tem which can be applied as a real-time system for the 
plant recognition in natural outdoor environments. In 
order to use the proposed systems in [9, 10] as real-time 
systems, it is necessary to have pre-information about the 
distance between the camera and the plant to use the cor-
rect vocabulary for testing the new sample image in the 
real-time application. The distance can be measured by 
human or adding a new pre-processing part to the sys-
tem for performing the measurement. In both cases, it is 
necessary to add a new method to select automatically 
the correct vocabulary for testing the input natural image 
for the real-time application. Hence, the complexity of the 
proposed algorithms increases and the cost of making 
real-time systems is high due to the increase of the total 
computations. In the current work, one goal is to develop a 
real-time system which doesn’t need any pre-information. 
It is worth mentioning that there is no overlap between 
the new proposed system and the systems proposed in [9, 
10] as the current work doesn’t apply traditional machine 
learning algorithms. In this work, the feature engineering 
process follows a new approach that differs widely from 
previous proposed systems. The mentioned points and 
goals will be considered in this work and such goals will 
be pursued as well.

In order to use the potential of the deep learning meth-
ods, the intention is to classify plant species by convolu-
tional deep neural networks [33]. Convolutional deep neu-
ral networks are actually fully connected at the top and use 
some ideas such as local receptive fields, shared weights 
and pooling. Convolutional deep neural networks have 
been used in various deep learning frameworks. Deep 
learning frameworks are under the pressure of increas-
ing their characteristics, features, capacity, functionality, 
adaptability, and availability for new ideas to be useful and 
applicable in different aspects and tasks. Modern convo-
lutional neural networks (CNNs) [34] have been applied 
in [35, 36] and have demonstrated their huge power and 
capacity in order to recognize images.

With an increasing number of fully-automatic systems, 
the demands of these systems have greatly expanded in 
different scientific and industrial fields and ordinary people 
are also interested in utilizing user-friendly technologies 
and applications. As a result, there is an intense competition 
between companies to industrialize deep learning concepts 
and methods and use them in their products practically. On 
farms, robot technology can play a fundamental role in dif-
ferent applications to improve farming tasks. In order to use 
the potential of deep learning methods, it is intended to 
classify plant species and rely on this generation of machine 

learning. In the scope of the future work of the system, it will 
be used as a part of a mobile robot system for identifying 
plant species in uncontrolled outdoor environments.

The dataset proposed in this work consists of 1000 
images which are taken at different distances, weather types, 
times, illuminations and light intensities for four different 
plant species. These plant species, Hydrangea, Amelanchier 
Canadensis, Acer Pseudoplatanus and Cornus, belong to a 
region named Siegerland in Germany. They are common 
plants in this region, and the variation in the appearance of 
leaves is usually high over time. This dataset is a novelty since 
there are no other datasets using real-life images of plant 
species in different possible conditions. Therefore, this paper 
is the first to use deep neural networks for such complex 
data and it cannot be directly compared to other studies 
using artificial datasets.

From the viewpoint of implementing the system based 
on the deep learning, it is certainly a good solution to the 
need of recognizing plant species in outdoor environments 
even in the challenging weather condition and building a 
mobile and real-time application with the feasibility of being 
used in mobile robot and semi-robot systems. The novelty 
of the implemented system lies in the fully-automatic rec-
ognition of plant species in very complex and challenging 
natural conditions and dynamic outdoor environments. For 
instance, this novel deep neural network system recognizes 
and identifies plant species at long distances, like 200 cm, 
and in difficult weather conditions with a high accuracy of 
99.5%. In this paper, the developed system employs a con-
volutional deep neural network architecture to carry out 
plant recognition and classification tasks. The evaluation 
of the system is then investigated and some experiments 
have also been performed to compare the results to the sys-
tems with traditional machine learning algorithms in [9, 10] 
which have been implemented through other pipelines as 
discussed before. In addition, the proposed system provides 
a precious feature, which is flexibility, and it can be used in 
lack of expensive hardware equipment (more details are 
given in the next section).

The rest of the paper is organized as follows: Sect. 2 
presents the plant recognition task; Sect.  3 describes 
the details and important points of the dataset; Sect. 4 
represents the details of the approach and reports how 
the model is working in order to recognize plant species; 
Sect. 5 explains the conducted experiments; and Sect. 6, 
concludes the paper.

2  Plant recognition task

The orientation of the plant recognition task is to identify 
the plant species of a given observation which is an image 
taken with the Canon EOS 600D camera. The images of the 
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dataset have been taken at different distances, weather 
conditions, lighting and background. There are some other 
points with regard to the dataset. Moreover, the images 
are taken at different times, mornings and evenings, and 
days. Additionally, points of view and perspectives are also 
different from one image to another. Furthermore, light 
intensity and illumination are not constant in all images. 
By using the mentioned camera, all images of the dataset 
are in red-green-blue (RGB) format. Due to the briefly men-
tioned characteristics, the dataset is complex; therefore, 
the plant recognition task is challenging. Each observation 
is actually an image captured from one of four plant spe-
cies in an uncontrolled natural environment.

Furthermore, one significant challenge is to train large 
deep neural structures. This point is highlighted and pre-
sented in Sect. 4.

3  Modern natural plant dataset (MNPD)

The created dataset, called the modern natural plant data-
set (MNPD) [31], contains color images which include con-
siderably different characteristics, percentage of homo-
geneous regions, details, etc. Some points have been 
considered as general rules of preparing the dataset. In 
order to take pictures, similar protocols have not been 
used to acquire the images. The attempt has been to take 
pictures of the leaves of the same species from distinct 
plants in various conditions and situations at different 
times. No special consideration has been assumed in the 
camera selection process, therefore, there is no depend-
ency on the used camera. Furthermore, the size of images 
is not kept constant at all and it varies from an image to 
another image.

To have a useful natural dataset, different aspects or 
components of the natural environment should be taken 
into account. Adding these continuum aspects leads 
mainly to create and provide the logical and efficient col-
lection of data to solve the problem of plant recognition 
in a natural outdoor environment and compensate for the 
lack of a modern natural dataset. A careful exploitation of 
information can be of help to enrich numerous applica-
tions with fresh insights into plant identification. In other 
words, the dataset provides a wealth of information that 
reveals insights into current challenges.

The distance is a significant factor which has been con-
sidered during the preparation of the dataset. This factor 
contributes to garnering useful images for a modern data-
set and to shortening the gap between natural real-world 
and virtual-world. Images have been captured from differ-
ent distances as below:

• 25 cm

• 50 cm
• 75 cm
• 100 cm
• 150 cm
• 200 cm

Furthermore, the change of viewpoint, variation of illu-
mination, change of light intensity, complex scenes with 
various backgrounds in varying weather types, etc., are 
only some special characteristics of the images in this 
natural and challenging dataset. In Fig. 1, four different 
images of the dataset are represented.

It is also worth mentioning that one of the added 
factors of this dataset is unique in comparison to avail-
able datasets which is the changes of weather types. 
For instance, a number of images has been captured in 
cloudy and windy weather conditions, and as descried 
earlier clouds absorb a part of light and diffuse the rest 
in a cloudy day, so there is usually no direct light on 
objects in natural environments and this causes visual 
effects. On a windy day, the movements of leaves are 
undeniable, even the human eye cannot distinguish the 
shapes of the leaves correctly. In this particular weather 
type, the images can be blurry, and movements of leaves 
may lead to leaf deformation. In addition, there was no 
force to exclude any unwanted effect because natural-
ness is important for the defined goals to build an auto-
matic natural plant recognition system, and the key is to 
have natural images without any additional considera-
tion by a human.

An increase of change in the appearance of the leaves 
is fruitful to solve the complicated task of plants identifi-
cation and to correctly develop natural plant recognition 
systems.

Fig. 1  Four different samples of the dataset
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4  Proposed approach

The core of the proposed approach for plant recogni-
tion is deep learning, which is investigated to perform 
the desired task. In fact, a deep CNN model, a hierarchy 
with many layers, is applied, and the proposed approach 
is based on nonlinear transformation functions and 
input data. In this section, an explanation of the pro-
posed approach and architecture or topology of the CNN 
model is provided. It is indisputable that the selection 
of the approach depends on various factors including 
dataset, computing power, intended application and 
ideas. Moreover, hardware availability and abundance 
of datasets are exploited by deep learning concepts. 
Therefore, millions of parameters and hidden layers can 
be employed to implement deep CNN models.

A deep CNN model is developed and used to do auto-
matic plant species classification without any user inter-
action. A CNN model can be composed of many different 
types of layers, such as convolutional layers, pooling lay-
ers, fully connected layers, etc. These layers contribute to 
making biological concepts a reality. Convolutional lay-
ers are the cores of a CNN model and consist of a set of 
learnable filters. Although each filter is not spatially big, 
they play the role of extending through the full depth 
of the input data. Therefore, it is feasible to achieve the 
goal of having a volume of neurons.

The proposed network consists of two different types 
of layers which are convolutional and fully connected 
layers. Figure  2 represents these two types of layers 
for CNNs. The type of the first five layers is a convolu-
tional layer, while the layer type of last three layers is a 
fully connected layer. A fully connected layer has been 
utilized to connect current neurons to all the neurons 
of the previous layer. Overall, the architecture of the 
proposed deep learning network and the layers of the 

implemented network are explained in the details that 
follow. Considering the output of the convolutional layer 
indicates that high level features are actually the output 
of this type of layers and somehow it can be interpreted 
as the feature extraction process. The convolutional 
layer should be trained for extracting meaningful pat-
terns from the input natural images where the outputs 
of the lower layers, first and second convolutional layers, 
are similar to the extracted edges of the natural image 
and such similarity can be observed in the visualization 
part of the system which is provided in next section. By 
comparing the role of the fully connected layer to the 
convolutional layer, the fully connected layer acts like a 
classifier in the traditional machine learning algorithm. 
Despite the important role of the fully connected layer, 
this layer increases the complexity of the model and it is 
computationally expensive without any doubt.

The input data (input image) is 227 × 227 × 3 and it 
is filtered by a convolutional layer; it is the first convo-
lutional layer of the deep network. This layer filters the 
input data by using 96 kernels. The size of the kernels is 
11 × 11 × 3 where a stride of 4 pixels has been selected. 
The stride is the distance between the receptive field 
centers of neighboring neurons in a kernel map. If the 
value of the stride was larger than the defined value, the 
probability of losing information would be increased. In 
such case, the overlap to the receptive fields would be 
reduced and spatial dimensions would be consequently 
decreased. The type of the second layer is also a convolu-
tional layer. Furthermore, normalization and pooling are 
also performed in this part. The first convolutional layer 
is followed by a response-normalization layer as recti-
fied linear unit (ReLU) [37] neurons have been utilized. 
One characteristic of these neurons is their unbounded 
activations; thus, normalization is an essential step after 
using ReLU neurons. Then, the local response normali-
zation layer is followed by another layer, called pooling 

Fig. 2  Two types of CNN layers
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layer, and the type of this layer is a max-pooling layer. 
Its main responsibilities are to carry out down-sampling 
operation and reduce the number of parameters leading 
to the decrease of the computational cost. Consequently, 
it contributes to preventing overfitting as it provides an 
abstracted form of the image representation. When the 
size of the kernel is equal to 3 × 3 , it means that a region 
with this size will be pooled over. By using this type of 
layer, an overlap will be available and important informa-
tion about the location of object within the image won’t 
be lost. The weights in the first layer are initialized from a 
Gaussian distribution, where its mean value is zero and 
its standard deviation value is 0.01. By investigating the 
value of the standard deviation, setting smaller value 
results in chocking activations and applying larger value 
leads to the explosion of the activation. In this layer, neu-
ron bias has been initialized by using the constant 0. The 
output of the first layer is the input of the second layer.

The ReLU activation function is:

where xi is the input of the ith channel. It is a simple func-
tion and accelerates the convergence of stochastic gradi-
ent descent. Consequently, faster learning becomes pos-
sible as it removes negative values by using a very simple 
process with less computation cost and maintains memory 
consumption efficiently. This function takes on its respon-
sibility very well and contributes to having the bottom and 
the top alike at the same size. Subsequently, its operation 
is not expensive in comparison to other functions. Other 
functions, such as sigmoid and hyperbolic tangent (tanh), 
face the problem of the gradient vanishing where values 
move away from zero. As an example, the gradient of the 
sigmoid becomes increasingly smaller as the absolute 
value increases. On the other hand, the ReLU function 
solves the gradient vanishing problem, and this function 
has another important priority over other possible func-
tions by considering the other aspect when considering 
computational cost.

Before explaining the next layer, it should be pointed 
out that there are two batches; one belongs to the 
training phase and the other one belongs to the testing 
phase. The size of the batch means the number of inputs 
in one pass for processing. If the size of the batch is set 
to high value like 250, error might happen with regard 
to the memory of the GPU; thus the size of the batch 
should be set to a lower value. In this model, the size of 
the batch in the training phase is set to 50 and its value 
in the testing phase equals 10. Dividing the number of 
the training images by 50, the result is equal to 16, thus 
it is possible to use a coefficient of 16 as the test interval 
value and it has been set to 32. Furthermore, the number 
of the testing images are divided the size of the batch in 

(1)yi = max(0; xi)

the testing phase and the result is equal to 20 which is 
used as the value of the test iteration.

The second convolutional layer performs filtering too. 
256 kernels with 5 × 5 × 48 have been applied for filter-
ing. This part also has an intervening normalization and 
pooling layer. In this layer, the local response layer and 
max pooling layer have been utilized like the previous 
convolutional layer. It is worth mentioning that a neuro-
biological concept which is called the lateral inhibition is 
implemented by the local response layer. It plays an impor-
tant role because of the need of normalizing the ReLU 
function as an unbounded activation. In addition, its role 
is to detect high frequency features with a large neuron 
response and simultaneously damp large responses that 
are uniformly large in any local neighborhood. Further-
more, initialization of the weights and neuron bias has 
been performed by means of a zero-mean Gaussian distri-
bution with the standard deviation 0.01 and the constant 
0.1, respectively. The next layer, the third one, is a convo-
lutional layer without any local response normalization 
or pooling layer. Normalized and pooled outputs of the 
second layer have been connected to the third layer, and 
this third layer has 348 kernels with the size of 3 × 3 × 256 . 
The type of the weight filter is Gaussian with the standard 
deviation of 0.01 and the mean of zero, and the bias layer 
is the same as the first convolutional layer. A ReLU layer is 
also used in this part in order to introduce non-linearity 
to the proposed deep network. The fourth and fifth lay-
ers have 384 and 256 kernels, respectively. The size of the 
fourth convolutional layer’s kernels is 3 × 3 × 192 and this 
size equals to 3 × 3 × 192 for the fifth convolutional layer, 
too. The fifth convolutional layer is followed by max-pool-
ing layer. The number of neurons of the fully connected 
layers, sixth layer and seventh layer, are 4096. Moreover, 
weight initialization in these mentioned layers has been 
done by using a Gaussian distribution with the standard 
deviation 0.01. Additionally, neuron biases have been per-
formed by the constant 0.1.

In sixth and seventh layers, there are also ReLU and 
dropout layers. Dropout is added into these layers to solve 
one of the most important problems of neural networks, 
overfitting. The dropout method [38] contributes to the 
implemented network, conquering the mentioned prob-
lem. The dropout layer is also a biological inspiration like 
neural networks. The advantage of the dropout is to ran-
domly deactivate neurons along with all of their incoming 
and outgoing connections from the network during the 
training process; as a result, it is possible to create multiple 
independent internal representations of the relationship in 
the data. A dropped neuron has no effect on the loss func-
tion and the gradient that flows through it during back-
propagation will be effectively zero and its weights will 
not be updated. It can be applied instead of the common 



Vol:.(1234567890)

Research Article SN Applied Sciences (2019) 1:756 | https://doi.org/10.1007/s42452-019-0785-9

method of combining the predictions of different models 
which has been used for test error reduction in [39, 40]. 
In order to converge, dropout is helpful as it changes the 
required iteration value which is approximately a double 
one and it also leads to better generalization.

Finally, the output of the last fully connected layer, 8th 
layer, is fed to one 4-way softmax with loss as the number 
of classes (labels) are equal to 4 different plant species. 
Neuron biases of the fully connected layers have been ini-
tialized by the constant 0.1. For initializing the weights, a 
zero-mean Gaussian distribution with the standard devia-
tion 0.005 has been utilized for both sixth and seventh lay-
ers. In last layer, weight initialization has been done by one 
zero-mean Gaussian distribution with the standard devia-
tion 0.01. In general, it does computation of a probabilistic 
likelihood per class and uses that to calculate the error that 
the network has created. In order to find the score of the 
network of the present batch, an accuracy layer is added.

To train the model, stochastic gradient descent has 
been applied and a batch size of 50 examples is set. Other 
important parameters, momentum and weight decay, are 
equal to 0.9 and 0.0005, respectively. Weight decay is a 
parameter which governs the regularization term of the 
deep network. Additionally, the low value of this param-
eter is helpful for error reduction of the model’s training. 
Setting the value of the weight decay depends practically 
on the network and the goals. Setting this parameter to 
such low value fulfills the desired goal for caring about the 
predictions and getting high accuracy.

The used learning rates for the implemented layers 
have the same values. Furthermore, the base learning rate 
of the network has been set to 0.00001 and the advantage 
of setting a low value for this parameter is to benefit from 
a more reliable training process.

5  Results and discussion

The experiments have been conducted on the MNPD. For 
the experiment section, the MNPD is divided into two 
groups which are train and test datasets and the selec-
tion of images for each dataset is randomly done. Train 
dataset contains 800 images and the test dataset has 200 
images. Some factors, such as non-uniform illuminations, 
including shadows, underexposure and overexposure, 
background clutter and pose, vary significantly among 
the images of this dataset and such a large range of vari-
ation in both train and test datasets is suitable to explore 

various aspects of the problem and find a suitable solu-
tion for overcoming the challenges of recognizing plant 
species in natural environments. In addition, each image 
might be affected by several factors and there is mainly 
no focus on the effects of only one factor as there isn’t any 
control on environmental factors during the recognition 
task. Table 1 shows the number of images in different dis-
tances. For the experiment, the specifications of the used 
machine are Intel Core i7 (4820K), central processing unit 
(CPU) [41] 3.70 GHz, installed memory (random-access 
memory called RAM) 16.0 GB, and graphics GeForce GTX 
760. In the test phase, natural image inputs have been fed 
into the implemented network without doing any addi-
tional preprocessing operation, such as cropping, scaling, 
etc., on them. It should be pointed out that Caffe [42] is 
the platform used for the implementation of the network, 
and it is well-known as a powerful platform for building 
deep neural networks. As a popular and active platform 
for classification tasks, it provides flexibility for CNN imple-
mentation, and it can be extended by linking the deep 
model to other relevant toolboxes. Another important 
reason for selecting the Caffe is the possibility of switch-
ing between CPU and graphics processing unit (GPU). The 
results is that the implemented model by the Caffe can be 
used in the absence of sufficient hardware equipment and 
related facilities. Hence, a lack of GPUs does not have any 
effect on the applicability of the final deep natural plant 
recognition system and it is a great advantage when the 
system should be employed by small field robots with lim-
ited hardware equipment.

The primary concern in image classification problems is 
to measure accuracy and evaluate the quality of the natu-
ral plant recognition system. In this experiment, accuracy 
is the ratio of the number of correctly predicted natural 
plant images according to the total number of predicted 
natural plant images in the test dataset which equal 200 
images taken from four plant species in an uncontrolled 
outdoor environment. As test images have been randomly 
selected from the modern dataset and large variations 
can be observed among natural plant images of each 
plant species, there is no dependency on the distribu-
tion of images of each plant species in the test dataset. 
In the test dataset, there is no consideration about the 
number of images taken in each weather type, and the 
whole process of choosing images for the test dataset is 
performed randomly, and one class of plant species might 
contain 2 images taken on sunny days and another class of 
plant species contains probably 8 images taken from this 

Table 1  Number of the images 
at different distances Dataset (cm) 25 50 75 100 150 200

Number
of the images

240 240 240 240 20 20
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specific plant on sunny days. As a result, this is an advan-
tage that makes the system more reliable than when a user 
decides on the selection of test images for each class of 
plant species.

Figure 3 shows the accuracy of the deep network in dif-
ferent iterations. It represents the maximum accuracy and 
changes of iteration and accuracy from the first iteration 
to the last. Additionally, the total error of the deep net-
work is observable in the color red and the accuracy can 
be observed in blue. As illustrated, the maximum accu-
racy occurred in iteration 1056. This means that the high-
est accuracy has been obtained in 1056th iteration for the 
first time, and it remains constant in the next iterations. 
The training phase has been completed in this iteration 
and the final model has been obtained. Furthermore, the 
first y-axis belongs to the loss parameter and the second 
y-axis belongs to accuracy values.

The proposed deep neural network has been spread 
across the GPU to speed up the training phase. The time 
needed for the training phase has been computed and it 
is equal to 1248.5088 (s) for the 1056th iteration. Perhaps 
the needed time of the training phase seems to be high, 
but it is important to consider how long it takes to train 
the proposed deep neural network if the CPU has been 
utilized in the training phase.

To address this training question, an extra experiment 
has been performed and the needed time for training 
the network is computed when the used unit is the CPU. 
The specifications of the used machine are Intel Core i7 
(4790K), CPU 4.00 GHz, and 16.0 GB is the installed mem-
ory RAM. It took more than 5 weeks to train the recogni-
tion system. The amount of time needed is not comparable 
to what was necessary with the GPU. In any case, it is pos-
sible to train the model with a CPU in the case of a lack of 
a GPU.

As has been discussed in Sect. 4, overfitting is one of 
the most important issues. Therefore, investigation of this 
issue has been done by doing a test. Firstly, the dataset 
has been divided into 5 groups of images, namely group 
A, group B, group C, group D and group E. Each group 
contains 200 natural plant images of the original modern 
dataset. Then group A has been considered as the test-
ing dataset and the other 4 groups constitute the training 
dataset containing 800 images of the dataset. After that, 
the entire training and testing phases have been con-
ducted to get the final accuracy. In order to do the next 
step of the experiment, group B has been considered as 
the testing dataset and other groups constitute the train-
ing dataset. Again, the proposed deep model has been 
trained and tested by these new training and testing data-
sets and the final accuracy is calculated. This procedure 
should be continued for the other groups and each group 
is then considered once as the testing dataset and the 
rest as the training dataset. Consequently, comparing the 
obtained accuracy values of the experiment proves that 
no overfitting happened. Moreover, the issue of overfit-
ting has been taken into account during the design of the 
architecture and implementation of the model by using a 
droupout layer which both prevents overfitting and limits 
the size of the weights by means of a parameter called 
weight decay. Both the dropout layer and weight decay 
have already been explained in a previous section, Sect. 4.

To evaluate and visualize the performance of the imple-
mented system for natural plant recognition, an interest-
ing matrix, named the confusion matrix, is constructed 
[43]. In the case of the classification task for four different 
natural plant species, the confusion matrix is one 4 × 4 
matrix containing information about the actual classifica-
tion results and different category labels through the clas-
sification in its rows and columns. Table 2 is the obtained 
confusion matrix of the classification experiment.

During the classification experiment, one misclassifi-
cation has been observed for one of the classes, and the 
plant species’ name is Cornus, and a Cornus sample has 
been wrongly predicted as Amelanchier Canadensis. The 
accuracy percentage of the implemented deep network is 

Fig. 3  Maximum accuracy, iterations and accuracy

Table 2  Confusion matrix of the proposed deep network

Deep
learning

Hy. Am. Ac. Co.

Hydrangea (Hy.) 50 0 0 0
Amelanchier (Am.) 0 50 0 0
Canadensis
Acer (Ac.) 0 0 50 0
Pseudoplatanus
Cornus (Co.) 0 1 0 49
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99.5%. This accuracy is higher than all six systems in [9, 10] 
which have utilized modern combined methods. Figure 4 
shows the number of correct classifications for each plant 
species.

In [9], different modern detection and description tech-
niques, SIFT, HARRIS-SIFT, and FAST-SIFT have been uti-
lized to create plant recognition systems. The system that 
has used the SIFT algorithm owns the highest accuracy, 
94.9404%, among the three implemented systems. Dis-
tance is a factor which impacts these systems. If we con-
sider the implemented system with FAST-SIFT, one vocab-
ulary has been constructed for each distance; therefore, 
there is still a dependence on the distance between the 
image and the camera. For instance, there is a vocabulary 
for the distance 50 cm and another vocabulary is built for 
the distance 75 cm. If the intention is to identify the type 
of plant for a new sample image, it is essential to know the 
distance between the camera and sample plant as a pre-
information. In [10], three new systems have been imple-
mented where the detection and description algorithms 
are modern combined methods, SURF, HARRIS-SURF and 
FAST-SURF. There is also a dependency on the distance 
for these automatic plant recognition systems and each 
system has its own vocabularies at defined distances. The 
implemented system with SURF has the highest accuracy 
that is equal to 93.9575%. The second highest accuracy has 
been obtained by the system with the FAST-SURF method 
and the value of the accuracy is 90.9375%. The system with 
the HARRIS-SURF method has the lowest accuracy, 90%, 
although its accuracy is still acceptable due to the charac-
teristics and nature of the system.

There is an important difference between the imple-
mented systems by SVM classifiers and modern detection 
and description methods [9, 10] and the current proposed 
system based on a deep neural network. The number of 
training images in [9, 10] are equal to 664 images where 
the number of test images are 336. As explained before, 
the prepared dataset is actually divided into two sub-data-
sets in the proposed approach, 800 images in the training 

dataset, and 200 images for the test dataset. Figures 5 and 
6 represent how the dataset is divided in the proposed 
system in this work and the other previously implemented 
systems in [9, 10].

In addition, the accuracy for each system is shown 
in Table 3. In the two proposed systems in [9, 10], more 
images have been considered as test images if compared 
to the proposed system based on the deep neural net-
work. 20.0000% of the dataset are test images as shown 
in Table 3, and the accuracy of the recognition system is 
99.5%.

For a thorough assessment of the confusion matrix, three 
evaluation metrics are extracted which are recall, precision, 
and F-score [44]. These metrics can provide useful informa-
tion of the developed natural plant recognition system. The 
precision and recall measurements are shown in Figs. 7 and 
8 where 1, 2, 3, and 4 in x-axis are Hydrangea, Amelanchier 
Canadensis, Acer Pseudoplatanus and Cornus, respectively. 
Higher values of precision and recall for a plant species mean 
better performance of the model for this plant species. For 
instance, the recall value for the Cornus is less than 1 and 
it equals to 0.98, whereas the recall value of Hydrangea is 
exactly 1 and it is the best recall value. The area under the 

Fig. 4  Number of correct classifications for each plant species

Fig. 5  Number of training and test images in [9, 10]

Fig. 6  Number of training and test images in the proposed 
approach
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plotted precision measurements in Fig. 7 would have maxi-
mum value if all test images were predicted and classified 
correctly, then this area would be equal to 3.00. As there is 
only one wrong prediction in the test images, this area is less 
than its maximum value, but it is the highest possible value 
by consideration of one wrong classification and the value 
of this area is equal to 2.98039. The area under the plotted 
recall measurements can also be investigated in Fig. 8. If 
no wrong prediction was made in the test images, the area 
under the plotted recall measurements would be equal to 
3.00. In the performed experiment, the area under the recall 
measurements is equal to 2.99 and it is the highest possible 
value when one wrong classification has occurred.

(2)precision =
Number of correct positive predictions

Total number of positive predictions

Both recall and precision measurements are shown 
in the same figure, Fig. 9, which helps to compare them 
simultaneously in one figure and investigate the behav-
ior of the metric at the same time.

The last metric is the F-score that can be measured 
by two other metrics, precision and recall, and it is a 
harmonic mean of precision and recall measurements. 
The largest and smallest possible values of F-score are 
1 and 0 respectively, and this measurement considers 
both precision and recall values; therefore, it is a function 
of both mentioned measurements. Figure 10 shows the 
F-score measurements for each plant species where 1, 2, 
3, and 4 in x-axis are Hydrangea, Amelanchier Canaden-
sis, Acer Pseudoplatanus and Cornus, respectively.

(3)recall =
Number of correct positive predictions

All predictions in actual class

Table 3  Accuracy of different 
systems and the number of the 
training and test images

Proposed system Percentage of train-
ing images (%)

Percentage of test 
images (%)

Correct predic-
tions (%)

Wrong 
predictions 
(%)

System based on
the SIFT in [9]

66 34 94.9404 5.0596

System based on
the SURF in [10]

66 34 93.9575 6.0403

Proposed system based on
the deep neural network

80 20 99.5000 0.5000

Fig. 7  Precision measurement for the proposed system

Fig. 8  Recall measurement for the proposed system

Fig. 9  Precision and recall measurements for the proposed system

Fig. 10  F-score measurement for the proposed system
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In Fig. 10, two classes, Hydrangea and Acer Pseudo-
platanus, have obtained the highest possible value and 
the minimum value belongs to Cornus where this value is 
equal to 0.9899. The F-score of the Amelanchier Canaden-
sis equals 0.9901 and its value is less than 1 because one 
Cornus sample has been recognized as Amelanchier 
Canadensis by the plant recognition system. The plant 
species of the Hydrangea and Acer Pseudoplatanus are 
more robust if they are compared to other plant species 
of the dataset, Cornus and Amelanchier Canadensis. The 
advantage of this measurement is to consider both false 
positive predictions and false negative predictions at the 
same time which gives a new sense to the extracted met-
rics from the confusion matrix. The definition of this metric 
is mathematically provided by Eq. 4.

In order to evaluate the performance of the natural plant 
recognition system, a new graph called the Receiver 
Operator Characteristic (ROC) curve [45] is plotted. This 
graph is based on the relationship between the true posi-
tive rate and the false positive rate [45]. In other words, it 
shows the trade-off between the true positive rate and 
the false positive rate. When the curve comes closer to the 
45-degree diagonal of the ROC space, it means less accu-
racy. Figure 11 represents the ROC curve of the test and it 
is so close to an ideal classifier which is able to distinguish 
between the classes. The 45-degree diagonal of the ROC 
space is also shown in Fig. 11.

Another experiment performed is layer and output 
visualization. In [46], a visualization tool has been intro-
duced for helping in the interpretation of the trained neu-
ral networks. This tool has been applied to visualize the 
layers of the implemented deep network and show the 
result visually. Additionally, it is possible to represent and 
compare several test images. In order to utilize the men-
tioned tool, the intention is to make the whole process 
fully-automatic, which has been performed. In Figs. 12, 13, 
14 and 15, the results of four different samples are shown. 

(4)F − score =
2 precision recall

Precision + recall

One of the images that has been taken in windy weather 
is represented as one of the examples, and Fig. 15 shows 
the result of this sample in windy weather.

For instance, the input test image is shown on the top 
left corner of the Fig. 12, where the names of four plant 
species are under this image. The first name is Cornus and 
one value is written on the left side of it which is equal to 
0.98. This value means the probability of being Cornus is 

Fig. 11  The ROC curve 
represented in red and the 
45-degree diagonal of the ROC 
space in dark blue
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Fig. 12  Visualization and classification example of the Cornus sam-
ple at a short distance

Fig. 13  Visualization and classification example of the Acer Pseudo-
platanus sample at a short distance
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98%. The second choice is Amelanchier Canadensis, and 
the value on the left side of it is 0.02. It means that the 
probability of being Amelanchier Canadensis for the input 
test image is 2%. The next choices are the names of the 
two other plant species and their values are zero. The pre-
diction of the input test image is visualized as discussed.

Another advantage is the possibility of visualizing the 
layers of the deep network and checking out the impor-
tant parts of the natural plant images in each layer individ-
ually. Looking into different layers proves that the higher 
layers are more complex and an increase of complexity is 
undeniable by going through the deep model from the 
first convolutional layer to higher layers, like the third or 
fourth convolutional layer. In addition, invariant represen-
tations have increased if a lower layer is compared to a 
higher one. Figures 16 and 17 show the first and the fourth 
convolutional layers of the deep model that have been 
visualized by using the toolbox as a part of the system. 
Investigation of the fully connected layers, like the sixth 
layer, represents a greater increase in the variations of pat-
terns among the lower layers, like the third convolutional 

layer. Furthermore, the visualization part helps to inspect 
the representation of the input natural image in various 
layers and view the abstracted natural image in each 
layer. Figures 18 and 19 show different representations 
of layers when one layer is a convolutional layer and the 

Fig. 14  Visualization and classification example of the Cornus sam-
ple at a long distance

Fig. 15  Visualization and classification example of the Cornus sam-
ple in the windy weather

Fig. 16  Visualization of the first convolutional layer of the proposed 
network

Fig. 17  Visualization of the fourth convolutional layer of the pro-
posed network

Fig. 18  Visualization of the third convolutional layer of the pro-
posed network
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other one is a fully connected layer with large variation; 
consequently, the recognition of the pattern of the input 
natural image is not possible in a fully connected layer if it 
is compared to lower layers, like the first and second con-
volutional layers.

Figure 20 shows the result of an input captured from 
Hydrangea in rainy weather, and the input natural image 
has been recognized as Hydrangea with the probability 
of 96%.

In order to monitor the products, it is essential to know 
all species which have been grown in the fields. During 
harvesting, it is so important to recognize plant species 
too. The automatic recognition of plants is a demand 
on modern farms and fields where time is a vital factor. 
To attain peak efficiency, farmers need to use advanced 
equipment in mobile platforms. This work contributes to 
natural plant recognition for real-time application and one 
camera can be mounted on a mobile platform. It is worth 
mentioning that the schematic of the mobile platforms has 
been drawn and the goals have been defined that would 
be used in the future for the real-time applications of the 

proposed system for automatic recognition of plants in 
dynamic outdoor environments.

6  Conclusion

In this work, a convolutional neural network has been 
designed and implemented for classification of very chal-
lenging natural plant species, as different factors and 
natural effects have been considered according to the 
characteristics and properties of the images of the mod-
ern natural dataset. One of the important properties of 
the implemented system is its generality which makes it 
unique and applicable to different natural conditions in 
uncontrolled outdoor environments. The deep network 
classifies four different plant species with a high accu-
racy, which is equal to 99.5%. In comparison to modern 
combined methods and traditional machine learning 
approaches for natural plant recognition, the deep-learn-
ing-based system has higher accuracy with satisfactory 
performance. It is more efficient in different aspects, like 
compatibility, flexibility and generality. It is practical to 
use the system in natural outdoor environments and chal-
lenging conditions as a real-time system. It can use both 
GPU and CPU, with the possibility of switching between 
the CPU and the GPU. In addition, the proposed system is 
distance-independent and robust in uncontrolled natu-
ral environments (influenced by various natural factors, 
like various weather types, complex backgrounds, time of 
photographing, large viewpoint changes, change of light 
intensity, etc.), although the aforementioned systems are 
really useful in many cases too. Contrary to the existing lit-
erature, the proposed system in this work compensates for 
the gap between the previously proposed systems and the 
real-life applications by considering new factors such as 
distance, time, weather condition, etc. The proposed fully-
automatic natural plant recognition system can be used in 
different fields such as agriculture, medicine, drugs, etc. 
and applied as real-time and mobile systems like robots 
and semi-robots. Due to the application of the proposed 
system in outdoor environments, the future line of work is 
to use this fully-automatic plant recognition system with a 
mobile platform on a robot or semi-robot for recognizing 
of plants in challenging outdoor environments.

Recently, a new work has been proposed in [47] and the 
idea is to build neural network with new component called 
capsule where new advantages like fewer parameters 
and viewpoint invariance have been added to the model. 
By considering this concept, it is feasible to design and 
develop a new neural network model and check whether 
a model with capsules and the concepts behind it can out-
perform the current work and improves the performance 
of the system. Another future line of the work could be 

Fig. 19  Visualization of the sixth layer of the proposed network

Fig. 20  Visualization and classification example of the Hydrangea 
sample in rainy weather
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extending the system to be able to recognize a greater 
number of plant species in uncontrolled outdoor environ-
ments. Future research in this area can focus on potential 
inclusion of neural networks and histogram equaliza-
tion techniques and make effective data augmentation 
approaches and algorithms to increase both number and 
diversity of natural images.
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