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Stomata are the main medium of plants for the trade of water, regulate the gas exchange, and are responsible for the process of
photosynthesis and transpiration.*e stomata are surrounded by guard cells, which help to control the rate of transpiration by opening
and closing the stomata. *e stomata states (open and close) play a significant role in describing the plant’s health. Moreover, stomata
counting is important for scientists to investigate the numbers of stomata that are open and those that are closed tomeasure their density
and distribution on the surface of leaves through different sampling techniques. Although a few techniques for stomata counting have
been proposed, these approaches do not identify and classify the stomata based on their states in leaves. In this research, we have
developed an automatic system for stomata state identification and counting in quinoa leaf images through the transformed learning
(neural network model Single Shot Detector) approach. In leaf imprint, the state of stomata has been determined by measuring the
correlation between the area of stomata and the aperture of each detected stoma in the image. *e stomata states have been classified
through the Support VectorMachine (SVM) algorithm.*e overall identification and classification accuracy of the proposed system are
98.6% and 97%, respectively, helping researchers to obtain accurate stomatal state information for leaves in an efficient and simple way.

1. Introduction

*e stomata are an essential part of phylogenetic relation-
ship studies and their physical characteristics are important
for plant origin and classification studies [1]. Leaf stomata in
various plants possess significantly different characteristics
such as density, size, and shape [2]. *e stomata are sur-
rounded by epidermal cells known as guard cells. When the
plant has enough water in its cells, the guard cells swell up,

which helps in opening the stomata. Conversely, when the
plant cells do not have enough water, the guard cells cannot
swell up; therefore, the stomata remain closed. In this state,
the photosynthesis process stops, and plants eventually face
starvation [3, 4]. Because of stomata’s importance in reg-
ulating plant growth and response to the environment, they
are the key functional attribute of interest for researchers in
plant biology [5]. *e programs that are working on the
improvement of crops have modified stomata phenotypes to
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increase the yield [6]. *e stomata easily get affected by
external environment conditions and their micromorpho-
logical characteristics are often used for plant classification
[7, 8]. *e state of stomata helps plants to reduce water loss
by changing their state from open to closed according to
environmental conditions. Researchers across various dis-
ciplines in plant biology will phenotype stomatal traits for
decades to come because of their physiological importance
[9]. However, researchers from agriculture and horticulture
disciplines are unable to classify the stomata states in leaf. In
different environments, stomata have different states. In the
stress, environment stomata are commonly present in clo-
sure or semiclosure states because different factors affect
stomata. *e factor drought stress is one of the major causes
of crop loss every year and it is also a cause of loss of aesthetic
value in ornamentals [10, 11]. Moreover, the scientists count
the stomata to investigate their distribution in leaves using
different sampling and counting techniques. *e purpose of
stomata counting is to inspect their numbers density and
distribution on leaf surfaces, to know about their numbers
that are open or closed at any time, and to see the adap-
tations of plants to environmental conditions [12]. *e first
approach to detect stomata through the HOG feature was
presented [13, 14]. *is study uses a convolutional neural
network to classify single-clipped pores as open and closed,
and it involves a binary image segmentation process for the
automatic pore measurements. *is algorithm requires a
manually defined range of parameters (like area, spindle,
length, solids, and centroid coordinates). Moreover, this
study is unable to identify pores when the size or shape is not
the same as the predefined parameter range. Recently, a
method was presented to determine the stomatal state in
microscopic imprints using Mask RCNN [15]. However, this
study mainly depends on expert horticulturist knowledge to
manually label stomata states (open and close). Further-
more, identification of stomatal states in images through
naked eyes leads to inaccurate results due to the fact that the
stomatal state is affected by the area of pore aperture in a leaf
[16].

A method for the measurement of stomatal pores using
image processing software, like ImageJ [17], involves manual
measurement of stomata classification and detection system
in microscope images for maize cultivars [18, 19]. *is type of
method wants to manually label points of interest from re-
searchers, such as height, width, and boundaries in pores. *e
drawbacks of this method are that, first, it requires manual
attention and, second, it requires a huge amount of data.
Using this method, only some of the data points can be used
to build the model, which leads to inaccurate results [20].

In this study, we propose an automatic system for the
identification of stomatal state (open and close) and stomata
counting in microscopic imprints using a deep convolu-
tional neural network, Single Shot Detection (SSD-Mobi-
leNet V2). SSD goes straight from pixels of the image to
bounding box coordinates and class probabilities. *e ar-
chitecture of this model is based on the inverted residual
structure in which the input and output of residual blocks
are thin bottleneck layers as compared to traditional residual
models. Moreover, this model also provides a prediction

about the category of each pixel along with the bounding box
around the object. *is method was used for the detection,
counting, and state identification of stomata in microscopic
imprints of quinoa crop leaf. *e results of this approach
were evaluated visually. Furthermore, stomatal states were
classified through a Support Vector Machine (SVM), which
is a supervised machine learning model that uses a classi-
fication algorithm for two-group classification problems.

2. Related Work

*is section presents machine learning techniques presented
by researchers on stomata study using image processing and
deep learning. *e research on stomata by using image
processing techniques started in the early 90s when the first
approach [21] was proposed. *is technique measures the
stomata features in grayscale images using Fourier transform
and threshold filter for image segmentation. A study [22]
proposed a system of automatic stomata counting in a
microscopic image: this technique first converts RGB images
into CieLAB to select the best channel for analysis. *e
detection of stomata is performed by wavelet spot detection
and morphological operations. *is system achieves 90.6%
accuracy by using a watershed algorithm.

An approach was published, which compared tomato
cultivars using many morphological features, stomata
measurements, and the microscopic images of the different
crops, which are obtained by the scanning electron mi-
croscope (SEM) method [23]; in this approach, the seg-
mentation was performed by a watershed algorithm
resulting in one stoma per image followed by morphological
operations. *e Sobel kernel filters were used to remove
noise and obtain stomatal boundaries. *is method uses 100
images of tomato cultivars and a multilayer perceptron
algorithm and gets 96.6% accuracy. In 2017, an approach of
automatic stomata detection and pore measurements for a
grapevine was presented [24]. *is approach uses a cascade
object detection (COD) algorithm. It consists of two steps: In
the first step, the first cascade classifier was trained by using
stomata and nonstomata images. In the second step, a sliding
window was used on microscopic images to identify the
stomata inside the image. *e detection of the pore mea-
surements was performed using binary segmentation and
skeletonization with ellipse fitting, which estimates complete
pore measurement for incomplete stomata. As a result, this
method reached 91.6% precision. An automatic stomata
counting system using a deep convolutional neural network
(DCNN) was proposed [25]. *is technique identifies and
counts the stomata in a variety of different micro imprints
stomata. *is network achieves 98.1% identification on the
Ginkgo scanning electron micrograph. To improve the ac-
curacy and performance of the traditional Single-Shot
Multibox Detector (SSD) object detection model, an ap-
proach [26] was presented. *is technique works on the
defect of a weak correlation between object prediction score
and positioning accuracy in the SSD model. *e improved
model enhanced the correlation between these two by
adding an intersection over the union (IoU) prediction loss
branch. Deep learning rose to its prominent position in
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digital image processing and computer vision when neural
networks were applied in various types of medical image
analysis datasets [27, 28]. Recently, an approach [29] has
been published; in this study, the author develops an au-
tomated system for stomata detection, which can detect
individual stomata boundaries regardless of the plant spe-
cies. However, this study mainly focuses on stomata de-
tection and segmentation of different species and not
providing information about the state of stomata in leaf
images.

2.1. Dataset. In this work, the dataset of quinoa microscopic
images is photographed through Leitz DMRD light mi-
croscope (Leica MikroSkopie & camera (Leica DFC 420)
[16, 30]. *e surface of the quinoa crop leaf was cleaned
using a soft brush. A thin layer of fingernail polish was
applied on the surface of the leaf and let it be dry for
10–15min. A crystal-clear tape was used as the desired area
of the leaf surface and drawn off carefully. A 1mm2 grid was
superimposed on the images for the calculation of stomata
density [31]. Some example of captured imprint is shown in
Figure 1. A total of 400 images are acquired with JPEG
format; further, these images are preprocessed using Python
libraries in preprocessing, and we resize the image to 512 ×

512 and remove noise from the images for the further
processes.

3. Proposed System

*e objective of this study was to develop an automatic
system for stomatal state identification, classification, and
counting in microscopic imprints. *e methodology flow of
the proposed system is shown in Figure 2. *e output of the
system was stomata detection with their state (open and
close) and total stomata in a microscopic imprint as shown
in Figure 3.

*e proposed system consists of the following steps:

(i) Stomata detection
(ii) State identification and counting
(iii) State classification

3.1. StomataDetection. For stomata detection, DCNN (SSD-
MobileNet V2) was implemented for creating a learned
model using the transfer learning approach. SSD-MobileNet
v2 takes one shot to detect multiple objects in the image. Its
approach is based on a feed-forward convolutional network
that generates the fixed-size collection of bounding boxes
and scores for the object present in the bounding boxes [32];
the architecture of SSD is shown in Figure 4. *e model
consists of two parts: Firstly, it extracts the feature map and
secondly applies convolutional filters to detected objects.
*e first step for training the model is to manually label the
stomata region in the microscopic imprints. From labeling,
two subfolders (train and test) were created. *ese sub-
folders are used to encode the visual properties of labeled

objects into feature vectors (train_label and test_label). *e
ratio of the data in the subfolders is 70 : 30, respectively. In
the second step, the feature vector train label is used as the
input for the learning model. *e learned model for the
stomata detection task is finally the classified model of the
feature vector test label. *e input to the model is stomata
microscopic imprints and the output was the stomatal pore
anatomy parameters, including the length and width of the
stomata and aperture area.

3.2. State Identification and Counting. *e stomata state
identification task was performed through the three fol-
lowing steps:

(i) Detected stomata
(ii) Measuring the stomatal and aperture area
(iii) Measuring the corelation between stomata and

aperture area

*e stomata detection is obtained from the learnedmodel,
which generates the binary image with the same size as the
input image for each stoma in the image. Each pixel in the
image is used as the coordinates point. Each point value is
either true or false, where true valuesmean the area of stomata
and aperture in the image and false values mean that there is
no area of pores. Each input image generates “x” binary maps,
where “x” is the number of detected stomata in the image.*e
learned model extracts the boundary coordinates of stomata
and aperture. *e coordinates values are Xmin, Xmax, Ymin,
and Ymax. *e width and height of detected stomata and
aperture are calculated using the equations. *e area of ap-
erture (AoA) and the area of stomata (AoS) are calculated
using equation (2); the area obtained from the coordinates
values was in pixel; the area has been converted in µm2 [16];
finally, the corelation between the stomata and their aperture
area is measured by using equation (3).

width � Xmax − Xmin,

height � Ymax − Ymin,

AoAx � HoAx × WoAx,

(1)

AoSx � HoSx × WoSx, wherex ∉ N, (2)

wherex ∉ N andN � set of images,

corelation �
AoAx

AoSx
,wherex ∉ N,

x � set of stomata in an image.

(3)

*e state of stomata is determined based on corelation
between stomata and their aperture area because the sto-
matal pore aperture is affected by irrigation and biochar
treatment [16] and all detected stomata in the image were
counted using Python script.
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Figure 1: Example of collected microscopic imprints.
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Figure 2: Methodology of the proposed system.
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3.3. State Classification. *e stomatal state classification was
performed through the Support Vector Machine (SVM).
*is study uses a linear SVM classifier to classify open and
closed stomata. *e learned model evaluates a total of 1490
stomata in a dataset with their states and save their features
(height, width, area, states, and corelation) in CSV format
for the classification task. *e target values for the classifier
were stomata states (open and closed) in the dataset. In
SVM, we plot points of data items in n-dimensional space
(where n is a number of features in the dataset) with the
value of each feature of a particular coordinate. In the end,
the stomata classification was performed by finding the
hyperplane which differentiates the two classes as illustrated
in Figure 5. *e support vectors in the graph are the simple
coordinates of individual observation. *e trained classifier

is the frontier that best segregated the two classes as
hyper plane/line.

4. Results and Discussion

*e proposed system has correctly identified, counted, and
recognized stomata state when stomata are present in an
image.

4.1. Stomata Detection and Counting. *e stomata detection
and counting results are shown in Figure 6. *e proposed
model achieved a good performance regarding stomata
detection, counting, and state identification. A total of 120
test images were used to evaluate the model performance.

Total stomata: 8
Open: 7, closed: 0, semiclosed: 1

50 µm

Stomata: 100.0%
Stomata: 100.0%

Stomata: 100.0%

Stomata:

Stomata: 100.0%

Stomata: 100.0%

Stomata: 99.0%

Stomata: 88.0%

(a)

Total stomata: 9
Open: 7, closed: 2, semiclosed: 0

50 µm

Stomata: 68%

Stomata: 99% Stomata: 67%

Stomata

Stomata

Stomata: 99%

Stomata: 99%

Stomata: 99%

Stomata: 71%

(b)

Figure 3: Stomata states presented above (a, b).
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*rough statistical analysis of 118 images, an average of 1490
stoma were detected by our learnedmodel. To analyze model
performance quantitatively, the stomatal pore was manually
labeled through the LabelImg tool. *e annotation results
were used as ground truth (GT). *e GT results were
compared with results obtained from the proposed model.
*e average precision (aP) was 98.6%, and average recall
(AR) was 97.87 as shown in Table 1.

4.1.1. Stomata State Identification. *e proposed system
automatically calculates the area of stomata and their ap-
erture by which it recognizes how many stomata are open or
closed in the image as shown in Figure 3. *e state

identification is performed by finding the corelation between
stomata and aperture area as described in Section 3.2. *e
quinoa stomatal parameters of ground truth value and
corresponding predicted values of model were compared,
and the corresponding relative error of stomatal measure-
ment was calculated as in Table 1. *e calculation process
was as per the following: (1) Each manually marked stomatal
pore was compared to the results produced by the model
according to maximum IoU, (2) through the stomatal state
identification section and the formulas proposed in Section
3.2, evaluation indices, the anatomical features of the
manually labeled stomata region, and the anatomical pa-
rameters from the learned model were obtained, and (3) the
relative errors between these were calculated and the average

Stomata count = 4 Stomata count = 5 Stomata count = 8 
50µm50µm50µm

Stomata: 100%Stomata: 100%

Stomata: 100%

Stomata: 100%

Stomata: 100%
Stomata: 100%

Stomata: 100%Stomata: 100%

Stomata: 100%

Stomata: 100%

Stomata: 100%

Stomata: 100%

Stomata: 100%

Stomata: 100%Stomata: 100%

Stomata: 96%

Stomata: 99%

Figure 6: Stomata detection and counting.
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x
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Support vectors

Open

Figure 5: Support vectors classifier.
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relative error for each of the stomata’s anatomical features
was summed individually for each respective stomata and
divided by the total number of stomata.

4.2. Stomata Classification. *e 1490 stomata in the dataset
detected by the deep system with the open and closed state
are classified by SVM, which classifies the stomata states with
96.5% accuracy, 91.3% F1 score, and 91.5% precision as in
Table 1. *e confusion matrix is used to determine the
performance of a classification model on a set of test data.
*e classifier predicts 1230 stomata as close and 260 as an
open state. *e evaluation of the stomata classification
model is expressed in Table 2.

4.2.1. Accuracy. *e accuracy is the ratio of correctly pre-
dicted stomata to the total stomata, and the classifier ac-
curacy was measured using the following equation:

AUC �
true open + true close

true open + true close + flash open + flash close
.

(4)

4.2.2. Precision. *e precision is also known as a positive
predicted value and it is the ratio of positive predicted value
to the total predicted values. For the proposed classifier, the
precision was calculated for open and close stomata using
the two following equations:

precision �
true open

true open + false open
. (5)

precision �
true close

true close + false close
. (6)

4.2.3. Recall. Recall is a sensitivity and probability of de-
tection, that is, true positive rate. It is the ratio of correct
positive prediction to the total positive prediction. Recall was
also calculated for both open and close stomata prediction by
the model using the two following equations:

recall �
true open

true open + false close
, (7)

recall �
true close

true close + false open
. (8)

4.2.4. F1 Score. *e F1 score is a measure of model accuracy
on a dataset. *e F1 score for the proposed classifier is
calculated using the following equation:

F1 score � 2 ×
precision × recall
precision + recall

. (9)

4.3. Discussion. Stomata are important and functional parts
of plant leaves; however, counting stomata is a hard task;
scientists used many sampling and counting techniques to
count stomata in the leaf. We developed a fully automatic
system for stomata state identification and counting.
Moreover, the system can be iteratively retrained with new
imprints for the performance improvement and for
adjusting the need of users. However, the previously pro-
posed methods [25] do not identify the open and closed state
of stomata. Our proposed system firstly detects the stomata
and secondly it measures the aperture and stomata area, and,
on the basis of their corelation, it predicts the stomatal state
(open and close). *e stomata states (open and close)
perform a significant role in describing the plant health. At
last, the states of stomata that are identified by the system
were classified.

5. Conclusion

By all counts and proven results, we are presenting an
automated stomata state identification, counting, and
classification system for micrographs of quinoa leaves. *e
proposed system has identified the state and counted the
stomata when stomata are present in the leaf image. *e
experimental results showed that the proposed system has
provided more accurate measures of stomata parameters
and provided more accurate information about the state of
stomata in leaf micrograph. In addition, this method has an
ability to process thousands of stomata in minimum time,
reducing the need for researchers to manually measure
stomata and speed up the process of analyzing the plant
health. *e system would be helpful for the plant biology
community. In the future, we will develop a generalized

Table 1: Parameters measurements accuracy.

Total no. of
stomata

Average stomatal
height accuracy

(%)

Average stomatal
width accuracy

(%)

Average stomatal
area accuracy (%)

Average stomata and
aperture area
accuracy (%)

Average
corelation

accuracy (%)

Average stomatal
opening and closing

accuracy (%)
1490 95.6 96.7 94.54 96.21 95.89 97.6

Table 2: Model prediction on dataset.

Predicated
Close Open 

Actual
Close 1204 26 1230
Open 8 252 260

 1212 278 1490
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toolkit that supports more plant species by applying pro-
posed method for extracting stomata information from leaf
image.

Data Availability

*emicroscopic images data used to support the findings of
this study are available from the corresponding author upon
request.

Conflicts of Interest

*e authors declare no conflicts of interest.

Acknowledgments

*e authors thank their colleague Mr. Zulqrrnain Ali from
MNS University of Agriculture, Pakistan, who provided
insight and shared his expertise with them during this re-
search work.

References

[1] F. Khan, H. Z. Yousaf, H. A. Ahmed et al., “Stomatal pat-
terning: an important taxonomic tool for systematical studies
of tree species of angiosperm,” Annual Research & Review in
Biology, vol. 4, no. 24, pp. 4034–4053, 2014.

[2] T. Beghin, J. S. Cope, P. Remagnino, and S. Barman, “Shape
and texture based plant leaf classification,” in Lecture Notes in
Computer Science (LNCS), including its subseries Lecture Notes
in Artificial IntelligenceSpringer, Berlin, Germany, 2010.

[3] K. I. Shimazaki, M. Doi, S. M. Assmann, and T. Kinoshita,
“Light regulation of stomatal movement,” Annual Review of
Plant Biology, vol. 58, 2007.

[4] S. H. Taylor, P. J. Franks, S. P Hulme et al., “‘Photosynthetic
pathway and ecological adaptation explain stomatal trait
diversity amongst grasses,” New Phytologist, vol. 193, 2012.

[5] N. Bhaiswar, V. V. Dixit, and P. G. Student, “A review:
methods of automatic stomata detection and counting
through microscopic images of a leaf,” International Journal
of Innovative Research in Science, Engineering and Technology,
vol. 6, 2007.

[6] R. A. Fischer, D. Rees, K. D. Sayre, Z. M. Lu, A. G. Condon,
and A. Larque Saavedra, “Wheat yield progress associated
with higher stomatal conductance and photosynthetic rate,
and cooler canopies,” Crop Science, vol. 38, 1998.

[7] A. M. Hetherington and F. I. Woodward, “*e role of stomata
in sensing and driving environmental change,” Nature,
vol. 424, 2003.

[8] W. R. J. Van Cotthem, “‘A classification of stomatal types,”
Botanical Journal of the Linnean Society, vol. 63, 1970.

[9] H. Laga, F. Shahinnia, and D. Fleury, “Image-based plant
stornata phenotyping,” in Proceedings of the 13th Interna-
tional Conference on Control, Automation, Robotics and Vi-
sion, ICARCV 2014, Singapore, December 2014.

[10] O. Issa Ali, R. Fghire, F. Anaya, O. Benlhabib, and S. Wahbi,
“‘Physiological and Morphological Responses of two Quinoa
Cultivars (Chenopodium quinoa Willd.) to Drought Stress’,”
Gesunde Pflanzen, vol. 71, 2019.

[11] A. LE, O. JE, and T. KK, “Stomatal responses to drought stress
and air humidity,” in Abiotic Stress Plants - Mech. Adapt-
Springer, Berlin, Germany, 2011.

[12] M. Oliveira, N. da Silva, D. Casanova, L. Pinheiro, R. Kolb,
and O. Bruno, “Automatic Counting of Stomata in Epidermis
Microscopic Images,” in Proceedings of the X Workshop de
Visao Computacional, Uruguaina, Brazil, October 2014.

[13] J. Li, Q. Hou, J. Xing, and J. Ju, “‘SSD Object Detection Model
Based on Multi-Frequency Feature *eory’,” IEEE Access,
vol. 99, 2020.

[14] Y. Toda, S. Toh, G. Bourdais, S. Robatzek, D. Maclean, and
T. Kinoshita, Deepstomata: Facial Recognition Technology
for Automated Stomatal Aperture Measurement, bioRxiv,
New York, NY, USA, 2018.

[15] L. Costa, L. Archer, Y. Ampatzidis, L. Casteluci,
G. A. P. Caurin, and U. Albrecht, “Determining leaf stomatal
properties in citrus trees utilizing machine vision and artificial
intelligence,” Precision Agriculture, vol. 21, 2020.

[16] S. S. Akhtar, G. Li, M. N. Andersen, and F. Liu, “Biochar
enhances yield and quality of tomato under reduced irriga-
tion,” Agricultural Water Management, vol. 138, 2014.

[17] D. Kuznichov, Z. Alon, Y. Honen, and R. Kimmel, “Data
augmentation for leaf segmentation and counting tasks in
rosette plants,” in Proceedings of the 2019 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition Work-
shops (CVPRW), pp. 2580–2589, Long Beach, CA, USA, June
2019.

[18] A. H. Aono, J. S. Nagai, G. S. M. Dickel, R. C. Marinho,
P. E. A. M. de Oliveira, and F. A. Faria, A Stomata Classifi-
cation and Detection System in Microscope Images of Maize
Cultivars, bioRxiv, New York, NY, USA, 2019.

[19] S. Bhugra, D. Mishra, A Anupama et al., “Deep convolu-
tional neural networks based framework for estimation of
stomata density and structure from microscopic images,” in
Lecture Notes in Computer Science (LNCS), including its
subseries Lecture Notes in Artificial Intelligence, Springer,
Berlin, Germany, 2019.
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