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Abstract: In the aquaponic system, plant nutrients bioavailable from fish excreta are not sufficient
for optimal plant growth. Accurate and timely monitoring of the plant’s nutrient status grown in
aquaponics is a challenge in order to maintain the balance and sustainability of the system. This
study aimed to integrate color imaging and deep convolutional neural networks (DCNNs) to di-
agnose the nutrient status of lettuce grown in aquaponics. Our approach consists of multi-stage
procedures, including plant object detection and classification of nutrient deficiency. The robustness
and diagnostic capability of proposed approaches were evaluated using a total number of 3000 let-
tuce images that were classified into four nutritional classes—namely, full nutrition (FN), nitrogen
deficiency (N), phosphorous deficiency (P), and potassium deficiency (K). The performance of the
DCNNs was compared with traditional machine learning (ML) algorithms (i.e., Simple thresholding,
K-means, support vector machine; SVM, k-nearest neighbor; KNN, and decision Tree; DT). The
results demonstrated that the deep proposed segmentation model obtained an accuracy of 99.1%.
Also, the deep proposed classification model achieved the highest accuracy of 96.5%. These results
indicate that deep learning models, combined with color imaging, provide a promising approach to
timely monitor nutrient status of the plants grown in aquaponics, which allows for taking preventive
measures and mitigating economic and production losses. These approaches can be integrated into
embedded devices to control nutrient cycles in aquaponics.

Keywords: deep convolutional neural networks (DCNNs); deep learning; image processing; aquapon-
ics; nutrient deficiency

1. Introduction

Aquaponics has been considered an emerging industry promoted as a sustainable agri-
cultural practice. It promises to be a sustainable alternative against global environmental
and food problems [1,2]. It is an integrated agri-aquaculture system (IAAS) that combines
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aquaculture (farming of fish), soilless culture, and nitrifying bacteria in a symbiotic envi-
ronment [2]. Thus, it enhances aquaculture sustainability for the potential production of
natural organic plants [3]. Fish feed is the primary source of all nutrients in aquaponics [4].
Recent studies indicated that nutrients excreted by fish might not supply sufficient lev-
els for optimal plant growth when used as the sole source of nutrients [5]. For instance,
Pineda–Pineda et al. compared the aquaponics and conventional hydroponic systems to
cultivate lettuce [6]. Their results revealed that aquaponics provides only 5–79% of the
required mineral elements such as N-NO3, P, K, Ca, and Mg, which negatively affects
productivity and overall quality [5]. Therefore, tracking a nutrient deficiency in plants is
crucial in aquaponics management practices.

Over the last decades, the most practical method for identifying plant nutrient defi-
ciency still relies on visual observation based on the experience of the growers [7]. Xu et al.
added the symptoms of plant nutrient deficiency could be visualized from morphological
features (e.g., leaf color and shape) thus could correctly identify the nutritional deficiency
stage [8]. In addition, Barbedo mentioned that the plant’s symptoms visualization could
be one of the efficient and fast methods for observing its nutritional status [9]. However,
visual detection requires excellent expertise, and there is a high probability of misdiag-
nosis, especially in the early growth stages. Besides, chemical analyses are very costly,
time-consuming, and destructive techniques. Thus, developing an accurate, automatic,
non-contact, and non-destructive technique to detect phytonutrient deficiency is substan-
tially crucial [10,11]. Different non-destructive methods have been proposed for detecting
plant nutrient deficiencies, including portable chlorophyll and nitrogen meters such as the
SPAD-502 (Soil Plant Analysis Development), hyperspectral imaging, and in situ measure-
ments using spectral remote sensing [12]. Besides being complicated in data processing,
they require advanced, high, and costly imaging techniques and are only suitable for
specific circumstances. Another non-destructive detection technique is the computer vision
technique, which requires only an imaging device (a camera) to acquire and transfer images
to a computer to be processed for making image-based decisions about plant characteristics.
Red-Green-Blue (RGB) images have been more frequently employed in many detection
tasks of plant stress due to the low cost, portability, and availability of the respective
cameras [9]. Additionally, RGB imaging is the earliest imaging technology and is exten-
sively used for plant nutrition diagnosis due to its convenience and low cost [13]. Such
conventional computer-integrated vision techniques have been validated to detect plant
nutrient deficiencies such as N, P, and K [14,15].

Nowadays, the emergence of artificial intelligence, the development of computer
vision, and machine learning have provided an excellent opportunity for continuous moni-
toring of a plant’s nutritional status. Fast and early detection of phytonutrient deficiencies
requires the development of sophisticated computational classifiers to be incorporated
into the imaging system. Numerous studies involving early and rapid detection of the
nutritional status of the plants have been carried out using conventional ML approaches
that depend on hand-crafted features. Several studies have used texture features, extracted
from the plant images, to study the health status of the plants and proved that the nutrient
deficiency of the plant embodies in this image texture. For example, Liu et al. [16] used
five texture features, including homogeneity, contrast, energy, correlation, and variance to
estimate the nitrogen status of the winter oilseed rape crop at three different growth stages.
These features were derived using a gray-level co-occurrence matrix (GLCM). The results
of this study proved that the texture feature offers meaningful information to diagnose
the N status of oilseed rape. Liu et al. [16] used textural features to estimate the N status
of the winter oilseed rape at three different growth stages. These features were derived
using a gray-level co-occurrence matrix (GLCM). The results of this study proved that
the textural features offer meaningful information to diagnose the N status of oilseed
rape. Wiwart et al. [17] used color analysis for early diagnosis of nutrient deficiency of
three legume species. A significant difference between the color of nutrient deficient and
non-deficient plants was observed. Pagola et al. [18] developed a method to assess the N
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status of the barley using eight color-based indices derived from leaflet images in RGB color
space. Story et al. [19] developed an approach that combined structural, color, and textural
features for identifying calcium deficiency in lettuce crops. Although multiple features
were extracted, the system could only be used for monitoring the plant growth status in a
greenhouse during the night, and more effort is needed to implement the system during
the day with a high variability of the illumination. Sanyal et al. [20] extracted some textural
and color features as the input of a multilayer perceptron neural network for classifying
six types of mineral deficiencies in rice. However, handcrafted features -based approaches
have some limitations in diagnosing nutrient status of the plant [9]. The interpretation of
the results obtained by hand-crafted features (e.g., structural, textural, and color features) is
misleading because these features are profoundly influenced by cultivars, light conditions,
the response of the camera sensor to various changes [21]. Furthermore, ML algorithms
have been developed for just one task; therefore, they may fail to perform well in another
task. In addition, correct image processing, feature extraction, and accurate classification
are impossible without proper segmentation. It is the primary and crucial key step in
computer vision technology [22]. In order to both spatially classify and finely segment
images, several traditional ML algorithms have been proposed, such as watersheds [23],
fuzzy c-means clustering [9], and k-means clustering [24]. However, most of these methods
use low-level features for segmentation.

As a subclass of machine learning methods, deep learning (DL) models have recently
realized ’success in the field of plant nutrient status diagnosis, which refers to using deep
neural networks that include a pretty large number of processing layers to analyze and pro-
cess data. Since the early 2000s, DCNNs have been utilized for analyzing RGB images [25],
such as images segmentation of biological materials [26], recognition of plants [27], pre-
diction of leaf water content [28] and plant diseases detection [29]. Additionally, DCNNs
automatically learn and extract the most descriptive features from the images during the
training process, which thoroughly addresses the problems of hand-crafted features [30].
SegNet [31] is one of the most potent DCNN architectures used for color image segmen-
tation. It has a lower computational cost and higher precision than some other DCNN
architectures [32,33]. In addition, Inceptionv3 can significantly reduce the number of used
parameters for molding calculations [34]. This algorithm avoids overfitting or underfitting
problems by increasing the number of layers to promote the non-linear expression of the
network. ResNets are a particular type of CNN model with a residual learning structure
that improves the learning dynamics in error propagation over many layers of non-linear
transformations [35]. Although there are great horizons of application of DCNNs, only
a few research attempts using such technique to detect plant nutrient status have been
reported in the literature [36–38]. Tran et al. [38] employed deep learning networks, such
as Inception-ResNetv2 and Autoencoder, for classifying calcium, nitrogen, and potassium
deficit in tomato plants. Abdalla et al [39] deep learning model to diagnose the nutrient
status of oilseed rape by classifying the nutrient statuses of the plants into nine classes.

Few studies about using RGB images combined with DCNNs for nutrient status
detection have been proposed, although their efficacy has been proven. Additionally, their
use in monitoring sustainable aquaponics systems has received some attention, creating
a scientific gap that must be filled. Therefore, this study aims to evaluate the different
DCNNs models includes SegNet, Inceptionv3, and ResNet18 algorithms to deal with
nutrient status diagnosis as a multi-stage procedure including segmenting color images
and building models for early and fast detection of the NPK deficiencies in two different
lettuce cultivars (Lactuca sativa) that grown in aquaponics across the growing season. Also,
the performance of the DCNNs models were compared against three different shallow
classifiers (SVM, KNN, and DT) to confirm their validity and applicability. It is expected
that this study would provide a baseline for managing aquaponics systems using computer
vision technology, thus achieving greater sustainability and economic return.
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2. Materials and Methods
2.1. Chemicals and Materials

To prepare the standard plant nutrient solution, the following chemicals were used;
Potassium nitrate (KNO3), calcium nitrate tetrahydrate (Ca(NO3)2·4H2O), monopotassium
phosphate (KH2PO4), magnesium sulfate heptahydrate (MgSO4·7H2O), trace elements
(manganese chloride tetrahydrate (MnCl2·4H2O), zinc sulfate heptahydrate (ZnSO4·7H2O),
boric acid (H3BO3), sodium molybdate (NaMoO4), copper sulfate pentahydrate (CuSO4·5H2O ),
and iron chelates (FeEDTA). All of these chemicals were purchased from Shhushi Ltd.
(Jing’an, Shanghai, China). Two lettuce (Lactuca sativa) cultivars of Flandria (var. Flandria)
and Romaine (var. longifolia) plant seedlings were used, which were purchased from
PengJi Industrial Zone, (Liantang, Luohu District, Shenzhen, Guangzhou, China). Lettuce
was used because it is the main cultivated plant in aquaponic system [40].

2.2. Chemical Analysis

Across the growing season, lettuce and water were randomly sampled in both the
aquaponics and control systems for chemical analysis of the nitrogen, phosphorus, and
potassium content. The fresh samples of lettuce leaves were oven-dried at 75 ◦C to constant
weight and then ground in a Wiley Mill with a 20-mesh sieve. The resulting powder
is digested with sulfuric acid (98%, w/w). Then, the Kjeldahl method by a continuous-
flow analyzer (AutoAnalyzer 3 (AA3), SEAL Analytical Co., Werxham, UK) was used to
analyze nitrogen content following the method of Mao et al. [41]. Phosphorus content was
measured by the method of ammonium molybdate spectrophotometry [42]. Potassium
content was measured by inductively coupled plasma mass spectrometry [43]. Table 1
shows the average of nitrogen, phosphorus, and potassium content in lettuce for both
systems across the growing season.

Table 1. Average concentrations of N, P, and K in lettuce for aquaponic and control systems through-
out the growth period.

Day

Leaf Content of Nutrients, g/kg DW

Aquaponic Hydroponic (Control), FN

N P K N P K

15 3.01 0.21 3.05 6.05 0.75 6.01
20 3.5 0.55 3.4 6.35 0.74 6.32
25 3.54 0.34 3.7 5.57 0.67 6.52
30 3.2 0.41 4.01 5.8 0.53 6.65
35 2.85 0.35 4.21 5.7 0.52 6.04
40 4.05 0.38 2.5 6.55 0.65 6.18
45 3.64 0.47 3.37 5.44 0.45 6.27
50 2.95 0.51 3.7 5.28 0.63 6.3
55 4.25 0.21 3.97 5.31 0.52 6.57
60 2.94 0.22 4.04 5.74 0.61 6.19

The water content of nitrogen, phosphorus, and potassium was measured weekly
across the growing season. Nitrogen and potassium were measured with the method
of ion-selective electrodes, Thermo Scientific Orion portable meter pH/EC (1215000)
(Pittsburgh, PA, USA), ion plus Nitrate (9707BNWP) (725 Lohwest Ln, Billings, MT 59106,
USA), and ion plus Potassium (9719BNWP) (725 Lohwest Ln, Billings, MT 59106, USA).
Phosphorus was determined by the method of molibdovanada to yellow reading ab-
sorbance at 420 nm in a Thermo Scientific model Genesys 10 VW scanning (5225 Verona
Road, Madison, Wisconsin, 53711-4495 USA) [6]. Table 2 shows the average of nitrogen,
phosphorus, and potassium concentrations in water for both systems across the grow-
ing season.
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Table 2. Average concentrations of N, P, and K in water of aquaponic and control systems throughout
the growth period.

Nutrient
Concentration (mg/L)

Aquaponic (Measured) Control (Optimal)

Total N 30.8 321
P 10.6 36.9
K 60.8 340

2.3. Experimental Setup

A greenhouse with an area of 36 m2 (3 m wide × 12 m long) was designed and
constructed on the rooftop of College of Biosystems Engineering and Food Science, Zhe-
jiang University (30◦16’N, 120◦07’07”E), Hangzhou, Zhejiang Province, China. Inside this
greenhouse, aquaponics system was constructed following the standard design guidelines
proposed by Somerville et al. [44]. Two cultivars of lettuce (Flandria and Romaine) were
grown during the period from November 2019 to January 2020. In brief, the aquaponic
system consisted of two main parts, a fish rearing tank (1 m3) made of low-density polyethy-
lene (LDPE) and a plant growing unit, which was designed based on the nutrient film
technique (NFT). Four polyvinyl chloride (PVC) pipes with 11 cm diameter and 4 m length
were used as a cultivation unit. Each pipe contains 20 holes with 0.20 m between the
centers of each hole to allow adequate plant space for accommodating a total of 80 plants.
The water flowed by gravity from the fish rearing tank through a mechanical filter to the
water reservoir (100 L). Then, water was pumped from the reservoir to a 60 L biological
filter supported with bio balls as bio-stimulating media for the growth of microorganisms.
Subsequently, water flows by gravity through the NFT system pipes, which were well
exposed to sunlight. Finally, water recirculated back to the fish rearing tank to complete
the cycle. The levels of dissolved oxygen (DO) were maintained above five mg/L using an
air pump (0.5 HP) for providing a sufficient concentration of oxygen level to the fish. The
fish rearing tank was covered by a piece of black cloth with 90% shade to protect it from
direct sunlight, prevent algal growth, and prevent the fish from jumping out of the tank.
Another hydroponic system (control system) with full nutrition (FN) regime was designed
and constructed based on NFT and was consistently supplied with a Hoagland’s nutrient
solution [45]. Thus, another 80 plants of the two cultivars of lettuce were transplanted in
the control system. Optimum growing conditions for the lettuce plants were provided to
obtain a dataset of healthy lettuce images to compare them with lettuce grown in aquapon-
ics. Hoagland’s solution is composed of a mixture of KNO3, Ca(NO3)2·4H2O, KH2PO4,
MgSO4·7H2O, and FeEDTA with concentrations of 101.1, 236.1, 136.1, and 246.5 g per 1 liter
of distilled water, respectively. Some essential trace elements were added to the solution by
adding MnCl2·4H2O, ZnSO4·7H2O, H3BO3, NaMoO4, and CuSO4·5H2O of quantity 1.8 g,
0.2 g, 2.8 g, 0.025 g, and 0.1 g, respectively.

2.4. Spectral Reflectance Measurement of Lettuce Leaves

For further investigation in tracking the nutritional status of lettuce grown in aquapon-
ics, the leaf spectral reflectance properties were measured. The measurement of spectral
reflectance properties has been demonstrated to be a very effective and reliable method
for detecting and predicting the nutritional status of plants [46,47]. Pacumbaba Jr and
Beyl [48] reported that leaf spectral reflectance measurements at the near-infrared (NIR)
region (wavelength of 401.67 and 780.11 nm) have shown to be a valuable tool to identify
the nutritional status of lettuce. The leaf spectral measurements were performed using
analytical spectral devices (ASD FieldSpec Pro FR spectroradiometer), which has a spectral
range of 350–2500 nm, and a spectral resolution of 3.0 and 10 nm.
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2.5. Image Acquisition

Figure 1 shows the full protocol for detecting NPK deficiencies in lettuce plants grown
in aquaponics using the proposed method. To create an image dataset, the images of lettuce
canopy were acquired using a red, green, and blue camera (PowerShot SX720 HS, Canon
Inc., Tokyo, Japan) during the growing season, starting from the first true leaf. The images
were collected under sunny and cloudy conditions in the morning hours (9:00–13:00) and
in the night (20:00) local time, Greenwich Mean Time (GMT+8), as shown in Figure 2. Every
plant was imaged at a distance of 50 cm from the canopy using 4 mm focal length, 3.43 mm
max aperture, 6.17 mm × 4.55 mm sensor size, ISO speed of 80, and all images were saved
in RAW format with a spatial resolution of 3888 × 5186 pixels.

Figure 1. Flowchart of the proposed method of nutrient deficiency diagnosis in lettuce plants grown
in aquaponics.

Figure 2. Images captured in different uneven lighting conditions.

A total of 3000 RGB images (2400 images for aquaponic lettuce and 600 images for
hydroponic lettuce) were collected. All acquired images were divided into four classes
based on the plant’s nutrient status: deficiency of nitrogen (N), deficiency of phosphorous
(P), and deficiency of potassium (K), and full nutrition (FN). The visible symptoms of NPK
deficiencies were recorded in Table 3 [49] and visualized in Figure 3. It is important to
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emphasize that all images captured from the control hydroponic system were classified
as a fully nutritious (FN) class because the plants grown in this system were not suffering
from any symptoms of nutrient deficiency due to the continuous supply of the nutrient
solution during the entire growing season.

Table 3. Typical symptoms of FN, -N, -P, and -K in lettuce throughout the growing period and the
number of images acquired for each class.

Class Typical Symptoms Images

FN Healthy plant, leaves are green, and generally with no mottling or spots 600

-N Growth is restricted, foliage yellowish green, severe chlorosis of older
leaves, and decay of older leaves. 850

-P
Plants are stunted, older leaves die with severe deficiency, leaf margins
of older leaves exhibited chlorotic regions followed by necrotic spots,

and leaves are darker than normal.
550

-K

Growth is reduced, leaves are less crinkled and darker green than
normal, with severe deficiency they become more petiolate, necrotic

spots on margins of old leaves, and chlorotic spots develop at the tips
of older leaves.

1000

Figure 3. Visual appearance of fully nutritious (FN) lettuce plants and general symptoms of and NPK
deficiencies in Romaine and Flandria cultivars.

2.6. Image Segmentation

Image segmentation was performed to extract the plant from the background for
further processing and computer vision applications following Ben–Chaabane et al. [50].
Due to fluctuations in natural lighting during image acquisition, the images were captured
in different lighting conditions, which led to a big challenge for infield image segmentation.
Uneven lighting would cause problems for reliable image segmentation if the traditional
segmentation methods were applied. Therefore, the SegNet model is one of the most potent
segmentation procedures with very accurate performance.

SegNet requires a large dataset size to obtain high segmentation performance. It also
requires labeling training data, which is laborious and time-consuming, particularly in the
agriculture domain, where plant images are acquired with high obstructions, high objects,
and environmental complexity. In contrast, traditional learning algorithms do not require
predefined class labels to represent patterns [24]. Instead, the algorithm can detect similari-
ties for itself. Therefore, to further investigate and confirm the performance of SegNet, its
outcome was compared with that of two traditional segmentation methods, namely the
simple thresholding-based segmentation [51] and k-means segmentation algorithm.
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A total of 600 RGB images were randomly selected from the image dataset for the
manually labeling task via image Labeler Toolbox in MATLAB R2019b (The MathWorks,
Inc., Natick, MA, USA) to provide pixel-level labels for two semantic classes (i.e., the
background and the lettuce plant). The new dataset of the labeled images and their
corresponding pixel-level labels was then used to train the SegNet model. For training the
SegNet model, the 600 original and their corresponding pixel-level labels were divided into
60% for training, 20% for validation, and 20% for testing. Moreover, a data augmentation
protocol has been applied for improving the accuracy of the segmentation process. Figure 4
shows the data augmentation protocols applied in this work to increase the reliability of
the segmentation process despite the location and orientation of the lettuce plants in the
acquired images in the training process of SegNet. Stochastic gradient descent was used
with a fixed learning rate η of 1 × 10−10, and a momentum coefficient of 0.9 for training
the network. The flowchart of the segmentation process using SegNet is schematically
illustrated in Figure 5.

Figure 4. Example images after applying data augmentation protocols: (a) Original image (b) Flip
vertical (c) Flip horizontal (d) Rotate right 90o (e) Rotate left 90o (f) Film grain noise (g) Glass
noise (h) Texturizer noise (i) Scaling 0.5 (j) Scaling 0.75 (k) Translation down (l) Translation right
(m) Translation up (n)Translation left (o)Translation right/up (p)Translation left/down.
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Figure 5. Flowchart of segmentation process using SegNet.

The model was optimized for a maximum of 100 epochs where every epoch passes
through the dataset. To ensure that each image was not repeatedly used in each epoch,
each minibatch of four images was selected in order. When the loss on the validation set
stops diminishing over four consecutive epochs training ends.

2.7. Feature Extraction

After dividing the images into the four target classes (FN, N, P, K) and segmenting
them. Extracted features, including morphological, color, and textural features, were
also derived from the segmented images and concatenated as the input of the classic ML
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classifiers. Image texture analysis is a very important tool for exploring symptoms and
data in the image that are difficult for humans to notice visually [52,53]. The texture of the
plant arose due to the presence of many veins in different directions or parallel lines of
different colors in the plant leaf. The whole plant also has its own texture that depends
on the frequency, direction and curvature of the leaves [54]. Changes in plant leaf surface
structure and yellowish may lead to significant changes in some texture features (energy,
homogeneity, contrast, correlation, and entropy) [41]. To capture the spatial dependence
of gray-level values that contribute to texture perception, the gray-level co-occurrence
matrix was used. Because plant texture depends on orientation four different matrices were
calculated based on the different angles of pixel relativity (0◦, 45◦, 90◦ and 135◦) [41]. Then
the classification results were compared with those obtained using DCNNs. The averages
of an area, perimeter, and convex hull were calculated from the segmented images. Also,
the averages of red, green, and blue color features were calculated from the segmented
images. Then, the images transformed from the RGB model to HSV (hue, saturation, and
value) color space. Finally, textural features were derived using the gray-level co-occurrence
matrix, including energy, homogeneity, contrast, correlation, and entropy. All these features
were then combined to form high-dimensional hand-crafted features.

2.8. Traditional ML Classifiers

Despite the widespread applications of deep learning in image classification and
computer vision, traditional ML methods are still widely used even today. As the most
prevalent ML methods for computer vision applications, pattern recognition, and image
classification, the SVM, KNN, and DT were used as a benchmark to compare the perfor-
mance of the DCNNs for detecting and monitoring the nutrient status of the lettuce [55].
SVM is a supervised ML technique, which creates a separate hyperplane. It is a linear,
non-probabilistic binary classifier. The different classes are separated by the SVM based on
the hyperplane of Equation (1):

WTX + b = 0 (1)

where X denotes the input vector, W denotes the weight vector, and b denotes the bias.
KNN is a supervised learning method, which is characterized by its simple imple-

mentation and good performance in classifying images. Mathematically it is defined by
Equation (2).

y =
1
k

k

∑
i:1

yi (2)

DT also belongs to the category of classic supervised ML. The tree consists of two
parts called the leaves and nodes. The nodes are points where the data is split, while the
leaves represent the final decision. The DT used in this study grows by the classification
and regression (CART) algorithm [56].

2.9. DCNNs Classifiers

To detect NPK deficiencies of lettuce plants grown in aquaponics, this study employed
two pre-trained deep learning architectures, namely Inceptionv3 [34] and ResNet18 [35].
The Inceptionv3 and ResNet18 algorithms were selected because they have been proved as
an accurate classification routine in many tasks [55,57,58]. To train the models, fine-tuning
or transfer learning technique was implemented. Transfer learning is one of the commonly
used deep learning techniques with most convolutional neural networks [59]. In deep
learning techniques, the first layers of the network are trained to identify the descriptive
features of the target task. In transfer learning, the last few layers of the pre-trained model
are removed and retrained with new layers for the target task. Fine-tuned models are faster
and more accurate than models trained from scratch [60]. A typical DCNN architecture
consisting of four main layers applied in this study is shown in Figure 6. Initially, the input
image was passed, and its neurons were computed by means of a convolution layer, which
is connected to the local regions of the input.
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Figure 6. A typical architecture of the Deep Convolution Neural Network (DCNN) consisting of four
main layers.

The function of the convolution layer was used to extract descriptive features from the
input image dataset. The noise effects in the extracted features from images were reduced
by the pooling layer, where the irrelevant features were also diminished. The problem of
overfitting was solved by max-Pooling, where 2 × 2 polling was mostly performed on the
extracted matrix. High-level features are calculated by the FC layer, which is similar to the
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convolution layer as most studies activate on the FC layer to extract the deep features. The
other layers, such as ReLu and FC, are defined by Equations (3) and (4).

Re(l)i = max
(

h, h(l−1)
i

)
(3)

Fc(l)i = f
(

Z(l)
i

)
(4)

with:

Z(l)
i =

m(l−1)
1

∑
j=1

m(l−1)
2

∑
r=1

m(l−1)
3

∑
s=1

w(l)
i,j,r,s (Fc(l−1)

i )r,s

where Re(l)i is the ReLu layer, Fc(l)i refers to the FC layer. Finally, if the target task was a
multi-class classification task, the softmax function was applied to normalize the real values
of the output from the last FC layer to the probabilities of the target class. Mathematically,
a softmax function could be demonstrated as in Equation (5).

α(c)j =
ecj

∑K
k−1 eck

(5)

To accelerate learning, Table 3. and ResNet18 models were fine-tuned to identify
and classify four different categories of nutrient deficiency in aquaponic lettuce with pre-
trained models on the image dataset. The last layers of these networks were replaced
by a classification layer having four neurons for the four classes (FN, N, P, and K). The
images were resized to match the input size of each network. Learnable parameters were
optimized with the stochastic gradient descent with a momentum of 0.09, a mini-batch size
of 60 images, and a learning rate of 0.004. The two models were trained over 600 iterations,
and the training was stopped when there was no improvement in the validation loss over
four consecutive iterations. For training the models, the dataset was divided into training,
validation, and testing sets by randomly splitting the 3000 images into 1800 images for
training, 600 images for validation, and 600 images for testing sets.

2.10. Performance Evaluation of Segmentation and Classification Methods

The performance of the proposed segmentation method was evaluated qualitatively
(visually). The qualitative evaluation is a common way a user visually compares and
assesses the image segmentation results.

Moreover, the performance of the proposed segmentation and classification methods
was quantitatively evaluated through a set of different measures such as the overall accuracy
(Acc), precision (Pr), recall (Re), and F1_score explained in Equations (6)–(10).

Acc =
∑ TP + ∑ TN

∑ TP + ∑ TN + ∑ FP + ∑ FN
× 100 (6)

Pr = ∑ TP
∑ TP + ∑ FP

× 100 (7)

Re =
∑ TP

∑ TP + ∑ FN
× 100 (8)

F1_score = 2 ×
(

Precision × Recall
Precision + Recall

)
× 100 (9)

Dice score =
2 × TP

(2 × TP + FP + FN)
(10)

where: TP denotes the true positive; TN is true negative; FP denotes the false positive; FN
refers to the false negative.
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2.11. Statistical Analyses

To further investigate the significant differences among the four classification classes
(FN, N, P, K) in terms of the extracted features, a statistical analysis was performed us-
ing one-way analysis of variance (ANOVA) and Tukey’s HSD at a confidence level of
95% (p < 0.05). One-way ANOVA was applied to each feature separately for all classes to
recognize whether the four classes were significantly different in a particular feature or not.
One-way ANOVA was also used to compare the performance of ML and DCNN classifiers
for all performance measures. A MATLAB R2019b (The MathWorks, Inc., Natick, MA, USA)
was used to implement the frameworks and image processing. The models were run on a
graphics processing unit NVIDIA GeForce GTX1080Ti equipped with 3548 CUDA Cores
and 16 GB GPU memory.

3. Results and Discussion
3.1. Training DCNN Models

Pretrained DCNNs were first trained on the training dataset to learn and extract
the most descriptive features for segmentation and classification. SegNet was trained to
segment image dataset before the feature extraction and classification phases. Inceptionv3
and ResNet18 were fine-tuned on the segmented image dataset to classify the images
into four classes (FN, N, P, and K). The results of the training are presented in Table 4.
The SegNet, Inceptionv3, and ResNet18 yielded overall accuracies of 98.30%, 98.90%, and
97.70%, and 99.29%, 98.00%, and 92.50% in the training and validation set, respectively.
The total training time for the models was 194, 65, and 87 min, respectively, as shown in
Table 4. It could be noted that the difference between the training and validation accuracies
was minimal, indicating that the models were well-generalized to the dataset and there
were no signs of overfitting problem.

Table 4. The Training results of the SegNet, Inceptionv3, and ResNet18 models.

Model Training
Accuracy (%)

Validation
Accuracy (%)

Training Time
(min)

SegNet 98.30% 99.29% 194
Inceptionv3 98.90% 98.00% 65

ResNet18 97.70% 92.50% 87

The training accuracy, validation accuracy, training loss, and validation loss for each
epoch of the training process for the SegNet, Inceptionv3, and ResNet18 are shown in
Figure 7. It can be observed that the training and validation losses slowly reduced during
the training process. For SegNet, it can be observed that the training process continued
until the stopping criterion was met at 78 epochs. The maximum iteration in Inceptionv3
and ResNet18 models at the end of the training process was 600 epochs. At this point,
the model reached the highest accuracy and gave the lowest loss, and no more iterations
were required. The Inceptionv3 outperforms the ResNet18 in terms of accuracy and time of
training, as depicted in Figure 7a,b.
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Figure 7. Training accuracy, validation accuracy, training loss, and validation loss for each
epoch/iteration of the training process using Inceptionv3 (a) and ResNet18 (b) model.

3.2. Changes in Spectral Reflectance under NPK Levels

It has been reported that the deficiencies of NPK increase the leaf reflectance at the
visible (VIS, 400–690 nm) and shortwave infrared (SWIR, 1400–2350 nm) regions of the
spectrum [61–63]. Figure 8 shows the spectrum of lettuce leaves for aquaponics and
control systems across the growing season. In the visible and middle infrared wavelength
regions, the reflectance of lettuce grown in aquaponics was increased compared to lettuce
grown in control system. The reflectance increase could be due to the decrease in nitrogen
concentration in aquaponic lettuce [47]. The reason for this phenomenon is that the decrease
in nitrogen concentrations leads to decreased chlorophyll content and photosynthesis, and
thus decreases the visible light absorption, which causes an increase in the reflectance. The
reflectance of aquaponic lettuce in the near-infrared region (700–1300 nm) was decreased
compared to lettuce grown in control at wavelengths 955 and 1763 nm. These changes
could be from the effect of nitrogen levels on the canopy structure and leaf area index.
With the decrease in total nitrogen content, the leaf area index, and water content are also
decreased, resulting in near-infrared reflectance inhibition [46]. Similarly, the reflectance
of lettuce grown in aquaponics increased at the range of (400–480 nm) and (1400–2500
nm), which indicates a deficiency of phosphorus [61,63]. Finally, K deficiency leads to an
increased reflectance at the range of 500–720 bands [62], as shown in Figure 8. The chemical
analyses recorded in Table 1 support these results.
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Figure 8. Spectrum of lettuce leaves for aquaponic and control system across growing season, 15 days
after planting (a), 30 days after planting (b), 45 days after planting (c), 60 days after planting (d).

3.3. Evaluation of Segmentation Methods

The accuracy of image segmentation is strongly associated with variation amongst
classes [64]. Since the images were taken in different lighting conditions (e.g., sunny, cloudy,
and at night) with very noisy backgrounds and some non-Plant objects (pipes, shadows,
wires, specular reflectance, etc.), multi-level thresholding [65] is usually needed if the
simple thresholding method was applied. Therefore, SegNet was employed to overcome
these constraints as one of the most effective segmentation procedures with a very accurate
performance [65].

The performance of all segmentation methods was evaluated visually and quanti-
tatively. The visual evaluation of the segmentation process using simple thresholding,
k-means, and SegNet methods is shown in Figure 9. While both traditional methods did
not wholly extract the plant from the background, the SegNet model completely extracted
the plant from the background without noise or defects in the segmented image. The results
revealed that the segmented images resulting from both traditional methods of segmenta-
tion suffered from variations in illumination. Different objects appeared in the images as
some parts of the plant appeared as background and some parts of the background were
classified as a plant as shown in Figure 9.
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Figure 9. Visual assessment of segmentation methods; the original images (a), threshold (b), K-means
(c), SegNet (d), and Ground-truth (e) of lettuce plants grown in aquaponics.

In addition to the visual evaluation of the segmentation results, the performance of the
three segmentation methods was also evaluated using the measures of Acc, Pr, Re, F1_score,
Dice score, and ST as presented in Table 5. The results indicated that the SegNet method
exhibited the highest Acc, Pr, Re, F1_score, and Dice score (99.1%, 99.3%, 99.5%,99.4%, and
99.5%, respectively); followed by the k-means method with lower Acc, Pr, Re, F1_score, and
Dice score (83.1%, 83.5%, 83.7%,83.5%, and 83.3% respectively). The thresholding-based
segmentation method had the smallest values of Acc, Pr, Re, F1_score, and Dice score
(75.2%, 75.5%, 75.6%,75.5%, and 75.5%, respectively). These results agreed well with the
visualization results shown in Figure 9. On the other hand, the segmentation time is the
time required to segregate different classes from a single image. The lowest segmentation
time of 0.605 s was obtained when the SegNet method was applied, which meets the
application requirements in agriculture [32,66]. On the contrary, the k-means method
required the highest segmentation time of 5 s. The qualitative and quantitative results
revealed the great superiority of the SegNet method over the other two traditional methods.
These results agreed with the results reported by Yilmaz et al. and Bosilj et al. [67,68]
who used SegNet to segment the image into weeds and crops. The highest segmentation
accuracy obtained in this work was 91%. Also, Ma et al. [32] compared three semantic
segmentation models namely FCN, UNet, and SegNet for segmentation of rice plants in
the presence of some weeds. The SegNet model outperformed the other two models and
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had an overall segmentation accuracy of 92.7%. Similarly, Manickam et al. [69] compared
four models (VGG16, GoogleNet, ResNet, and SegNet) for personal identification with
aerial imaginary. Their results revealed that SegNet achieved the highest overall accuracy
of 91.04%. Besides, SegNet can be used for semantic segmentation of remote sensing
images [70,71]. Li et al. [70] used SegNet for semantic segmentation under multiple weakly-
supervised constraints for remote sensing image; they compared their results to SegNet.
Although their proposed method outperformed all other comparison approaches, SegNet
performed well in cross-domain semantic segmentation. Chantharaj et al. [72] compared
the performance of FCN-8s, SegNet, and Gated Segmentation Network (GSN) for very-high
resolution International Society for Photogrammetry and Remote Sensing (ISPRS) data on
medium resolution image from Landsat-8 satellite and concluded that SegNet achieved the
highest accuracy.

Table 5. The segmentation performance measures (Acc, Pr, Re, F1_score, Dice score, and ST).

Model Acc (%) Pr (%) Re (%) F1_score
(%)

Dice Score
(%)

ST
(s/Image)

SegNet 99.1 99.3 99.5 99.4 99.5 0.605

K-means 83.1 83.5 83.7 83.5 83.3 5

Thresholding 75.2 75.5 75.6 75.5 75.5 0.7

The outstanding performance of SegNet model in the recent study may be due to its
high ability to learn high-level features during the training process. Also it is characterized
as deeper architecture compared to the other architectures [32,66], ease of training, a fewer
number of parameters, and minor computational operations. Also, it required much less
memory compared to the other DCNN architectures.

3.4. Analysis of Variance

The statistical analysis results shown in Table 6. The significant differences between
classes were indicated by superscript letters above the values. Values that have the same
letter have no significant differences among their corresponding classes and vice versa.
The statistical results indicated significant differences in all textural features (energy, ho-
mogeneity, contrast, correlation, and entropy) among the four classes (FN, N, P, and K).
On the other hand, there were no significant differences between plants having P and K
in terms of red (0.338c, 0.340c), green (0.393c, 0.392c), and blue (0.269c, 0.268c) features.
This may be due to the apparent color similarity of P and K [73]. The results showed
significant differences between all the classes using hue, saturation, and value features.
For the morphological features (area, perimeter, and convex hull), it is noticed that there
were no statistically significant differences between FN and N for the area and perimeter
features, as they both were followed by the same superscripted letter. Also, there were no
statistically significant differences between P and K for the convex-hull feature. Perhaps
the low ability of the morphological features to fully distinguish between deficiency classes
is that the images were captured at different age stages. Therefore, the dimensions of the
plants differed according to the maturity stages, not the difference between the classes. The
difference between classes in terms of textural and HSV features should not be attributed
to the discriminative ability of the feature. It is due mainly to the variation in illumination
conditions because such features are not invariant to illuminations and scale of the image.
In short, using these features to discriminate different nutrient classes may not provide
reliable results. To make our claim more concrete, these results were compared with that
obtained ones by DCNN methods. Statistical analysis also showed significant differences
between DCNN models and the traditional ML classifying models in the performance
accuracy (p < 0.05). Meanwhile, Inceptionv3 accuracy was highly significant (p < 0.0001)
compared to the SVM model.
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Table 6. Results of statistical analysis of variance (ANOVA) and orthogonal comparisons using
Tukey’s HSD test *.

FN -N -P -K

Contrast 0.314 a 0.108 b 0.051 d 0.074 c

Correlation 0.966 a 0.658 b 0.662 c 0.646 d

Energy 0.962 d 0.967 c 0.978 a 0.974 b

Homogeneity 0.991 d 0.992 c 0.995 a 0.994 b

Entropy 0.928 a 0.550 b 0.352 c 0.431 d

Red 0.835 a 0.357 b 0.338 c 0.340 c

Green 0.782 a 0.401 b 0.393 c 0.392 c

Blue 0.883 a 0.242 b 0.269 c 0.268 c

Hue 0.595 a 0.064 b 0.039 c 0.019 d

Saturation 0.663 a 0.208 b 0.093 c 0.035 d

Value 0.423 a 0.115 b 0.038 c 0.006 d

Area 3762 a 3652 a 2035 b 2636 c

Perimeter 3024 a 2870 a 1690 b 2170 c

Convex hull 92,483 a 63,213 b 32,385 c 47,986 c

* Values followed by the same superscripted letters in the same row are not significantly different based on Tukey’s
HSD test at 5% significance level.

3.5. Performance of Classification Methods

An assessment of the appropriateness of state-of-the-art deep convolutional neural
networks for defining the nutrient deficiency in lettuce grown in aquaponics based on
RGB images was performed using two different algorithms (Inceptionv3 and ResNet18)
compared with three conventional machine learning methods (i.e., support vector machine;
SVM, k-Nearest neighbor; KNN, and decision Tree; DT).

Confusion matrices were generated to demonstrate the capability of our proposed
framework to differentiate classes of nutrient deficiency as shown in Table 7. The Incep-
tionv3 revealed a superior performance to discriminate between the classes of FN, N, P,
and K with the lowest overall classification error (3.5%), followed by the ResNet18 which
provided relatively good performance also (classification error of 7.9%). On the contrary,
the conventional ML classifiers did not perform well compared to the DCNNs, as the
classification error increased. SVM obtained an overall classification error of 13.9%, besides
DT obtained the highest classification error among all the proposed classification methods
of 20.2%.

To better investigate the robustness and effectiveness of the proposed framework
for diagnosing the lettuce nutritional status, a comparative experiment, and quantitative
analysis in terms of Acc, Pr, Re, and F1_score was performed, and the results are presented
in Table 8. The "Acc" refers to the ratio of elements that are correctly classified as overall
dataset elements [8]. The Pr refers to the ratio of correctly predicted positive observations to
the total predicted positive observations. The recall refers to the ratio of correctly predicted
positive observations to all observations in an actual class. The F1_score determines the
harmonic mean of Pr and Re measures, which therefore considers both false positives and
false negatives; F1_score is usually more useful, especially for uneven class distribution,
albeit not as intuitively understandable as accuracy [8].
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Table 7. Confusion matrices of all classification methods. Inceptionv3, ResNet18, SVM, KNN, and DT.

Predicted Class
Acc (%)

FN -N -P -K Total

Incepionv3 True
class

FN 120 0 0 0 120

96.5
-N 1 165 3 1 170
-P 2 3 100 5 110
-K 0 3 3 194 200

Total 123 171 106 200 600

ResNet18 True
class

FN 120 0 0 0 120

92.1
-N 3 150 10 7 170
-P 2 7 95 6 110
-K 2 4 6 188 200

Total 127 161 111 201 600

SVM True
class

FN 110 2 3 5 120

86.1
-N 8 140 12 10 170
-P 5 9 88 8 110
-K 8 6 7 179 200

Total 131 157 110 202 600

KNN True
class

FN 108 2 5 5 120

84.5
-N 8 139 12 11 170
-P 5 12 85 8 110
-K 10 5 10 175 200

Total 131 158 112 199 600

DT
True
class

FN 100 3 7 10 120

79.8
-N 9 130 15 16 170
-P 6 13 80 11 110
-K 11 8 12 169 200

Total 126 154 114 206 600

Table 8. Classification performance measures of all the applied methods.

Measure Inceptionv3 ResNet18 SVM KNN DT

Acc (%) 96.5 92.1 86.1 84.5 79.8
Pr (%) 95.7 91.6 85.5 83.7 78.9
Re (%) 96.2 92.1 85.8 84.1 79.2

F1_score (%) 95.9 91.8 85.6 83.8 79.0
CT (s/image) 0.6 0.8 0.2 0.4 0.5

It is evident from the obtained results that Inceptionv3 achieved remarkable perfor-
mance in terms of all classification measures. Inceptionv3 achieved superior performance,
with the highest Acc, Pr, Re, and F1_score of 96.5%, 95.7%, 96.2%, and 95.9%, respectively,
compared to the ResNet18, which also performed well with Acc, Pr, Re, and F1_score
values of 92.1%, 91.6%, 92.1%, and 91.8%, respectively. The performance of our proposed
framework was comparable to the reported study that employed Inceptionv3 for extract-
ing deep features and classification of Oilseed Rape [39]. At the same time, one should
notice the difference between experimental conditions and classification subjects. The
superiority of the Inceptionv3 (48 layers) may be attributed to the fact that it is deeper than
ResNet18 (18 layers). As evident from other studies, more profound layers improve the
performance [55]. Also, Inceptionv3 has an excellent performance in image recognition, and
classification compared to any other deep learning algorithm [74]. The comparative analy-
sis among conventional ML classifiers shows that SVM outperforms the other ML classifiers
with 86.1%, 85.5%, 85.8%, and 85.7%, respectively, for all performance measures, while the
DT achieved the worst results in terms of all performance measures of 79.8%, 78.9%, 79.2%,
and 79.1.8%, respectively as shown in Table 8. The results of classical ML classifiers were
comparable to the reported study by Azimi et al. [55], which employed SVM, KNN, and
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DT for stress classification in Sorghum plant shoot images. Besides, SVM has been proved
to be superior over most of the ML methods in image classification and processing [75].
The classification performance was also evaluated based on the computational time (CT).
The CT denotes the time needed to classify one image. The SVM method had the lowest
classification time, followed by KNN, then DT, Inceptionv3, and ResNet18 of 0.2, 0.4, 0.5,
0.6, and 0.8 s/image, respectively; this result is consistent with Amri at al. [76]. The results
obtained in the experimental studies prove that the proposed DCNNs outperformed other
considered traditional ML methods. This result is consistent with many studies that have
compared deep classifiers with traditional classifiers [39,55].

The reason why the DCNN methods showed outstanding performance over the other
classification methods is that it can automatically learn high-level representative features
during the training process. Also, it does not rely on hand-crafted features as the traditional
classification methods. Hence, the proposed DCNNs were found to be the best tool in
assisting researchers in the precise detection of nutrient deficiency in plants during their
growth. This finding supports the concept that optimized deep learning architectures
with RGB images can be valuable and effective in the detection and classification of the
plants based on nutrient deficiency they may suffer [9]. The use of proposed DCNNs
methods (SegNet and Inceptionv3) in conjunction with a digital camera is expected to assist
aquaponics management by detecting NPK deficiencies at an early stage. In addition, it
may be beneficial to create a mobile app that implements proposed SegNet and Inceptionv3
models for automatic diagnosis of symptoms of NPK deficiencies of lettuce in aquaponics,
so that users with limited or no knowledge of its use can manage aquaponics. Moreover,
the proposed model can also be adapted to perform a task from another domain, such as
drought or heat stress detection or combinations of many plants’ abiotic stresses provided
that the data shift between source and target domains is not large otherwise fine-tuning
would be necessary to adjust the parameters of the model. To efficiently perform cross-
domain without fine-tuning the model and reduce the influence of the data shift, advanced
objective functions, such as ones proposed by Li et al. [70] and Benjdira et al. [71], should
be integrated into the deep learning models.

4. Conclusions

This study evaluated the potential of DCNNs coupled with RGB images to diag-
nose the nutrient status of lettuce cultivars grown in aquaponics. Several models were
used, such as SegNet for segmentation and Inceptionv3 and ResNet18 for classification.
Our approaches were validated using 3000 color images of lettuce canopies, and results
demonstrated the great superiority of a DCNN model in segmentation compared with
the traditional ML methods. Also, the highest overall classification accuracy of 96.5% was
obtained by the Inceptionv3 outperforming ResNet18 and all traditional ML classifiers.
Our present framework can be combined with a simple digital camera for real-time moni-
toring of the nutritional status of lettuce grown in aquaponics. Due to the flexibility of the
framework, it can also be used with minor modifications for other applications, such as
real-time disease detection, as well as with other plants, only needing retraining on the
new image dataset.
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