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Abstract – Understanding the dynamic behaviour of
plants is vital for realization of precision agriculture
systems. This paper proposes a dynamic response
model of root diameter to changes in temperature and
relative humidity for commercial epiphytic orchids. A
Vanda hybrid orchid is used for this study. Root
diameter changes, temperature, and relative humidity
measurements are logged for fifty-one days. The
dynamic response of the root diameter changes is
analysed and modelled using non-linear autoregressive
with exogenous input neural network. The best
performance is obtained with Levenberg-Marquardt
algorithm, yielding the best overall regression, lowest
mean squared error, and fastest training speed.
Keywords – Dynamic response, root diameter change,
orchid, NARX, neural network.

1. Introduction
Efficient water management is critical to ensuring
quality and optimum quantity of crop yield [1].
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While insufficient supply of water induces stress
and hamper plant growth, having excessive water
also have its share of consequences [2]. Often, the
root system will rot eventually leading to plant death.
Not only that, but it also results in suboptimal use of
water resources [3]. In many African countries such
as Tunisia, water scarcity is rampant. Therefore,
efficient supply of water is needed to avoid wastage
of resource, while ensuring optimum growth of
plants and crop yield [4]. These can be solved
through sensor-based and data-driven approaches to
understand the dynamics response of plant towards
external factors such as temperature [5] and humidity
[6]. To study such effects, plant water content which
are also known as water status, are relatively more
informative than other tissue properties [7].
The parameter can be directly measured physically
from leaves [8], stem [9], and roots [10].
Alternatively, indirect measurement can also be
derived from parameters. A study conducted on
grapevines in the Mediterranean countries revealed
that water stress limits plant growth and crop yield.
Granier method was initially used to measure sap
flow, gas exchange and water potential. However,
direct measurement of liquid capacity in stem has
shown to be more effective [11]. A separate study
was conducted on nectarine trees but using fruit
diameter and inversed leaf turgor pressure rates.
Nocturnal parameters have shown relationship with
water deficit [12]. Meanwhile, the use of water status
in the roots of several plant species have also been
associated with patterning mechanism [13]. Hence,
capturing the dynamic response of water status is
indicative of plant growth. This will require data
analysis through laboratory setups [14].
Implementation of adaptive irrigation can only be
possible by integrating with sensor arrays [15]. The
dynamic response can then be modelled through
machine learning approach where variations in
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external factors can be mapped to plant growth.
Various techniques have been used, ranging from
linear regression [16], artificial neural network
(ANN) [17], and the recent deep learning method
[18]. Generally, water status has demonstrated a nonlinear response [19]. Hence, the use of linear
regression is less suitable as it does not capture the
overall dynamics of plant behaviour. Meanwhile,
deep learning has shown to be capable of assessing
water status in plants. These have been realized using
imagery information from unmanned aerial vehicle
(UAV) [20] and time-series data from various sensor
systems [21]. However, the method is costly as it
relies on extensive amount of data, and expensive
graphic processing units [22].
Therefore, a feasible approach to this would be to
adopt ANN. This method is relatively inexpensive,
yet efficient in modelling non-linear systems [23].
ANN operates based on a principle that is similar to
deep learning, where it mimics the functioning of
biological neurons in the brain. However, ANN has
significantly lower number of hidden layers and
nodes which makes it computationally more efficient
[24]. The method is not only used to model timeseries data, but also imagery information. This was
demonstrated in a study that successfully used
multispectral images from UAV for predicting water
status in vines [25]. By integrating with various
sensor arrays on the plant, time-series information on
the physical changes can be obtained and analysed
with respect to the input variables. Comparatively,
the dynamic neural network is better than static
neural network for modelling such information [26].
A widely used structure in the dynamic neural
network is the non-linear autoregressive with
exogenous input (NARX) model. The structure can
capture the dynamic response of time-series data
even with limited amount of sample [27]. These can
be seen in various engineering applications and in
fact, has also been implemented in precision
agriculture systems. A NARX neural network was
previously developed to model the dynamic response
of plant growth to root zone temperature in
hydroponic chilli pepper plant [28]. Likewise, similar
method was also employed to develop a transpiration
prediction model for green house irrigation
management. In this study, leaf area index is used as
an indicator of the water being lost through
transpiration process [29]. An extensive review
revealed that the use of NARX model for precision
agriculture is still limited. Therefore, this is an
opportunity to further tests the method for predicting
water status.
In Malaysia, a commercial flower plant known as
the epiphytic orchids has given considerable amount
of revenue to the country. The species are highly
sought after by plant collectors. Since 1992, the plant
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has already been included in the national
conservation policies, which continued until 2020
[19]. Furthermore, orchid breeders are taking active
role to ensure the longevity of orchids and
experiment with hybridization of the species through
horticulture practices [30]. Amongst all the orchids,
the Vandaceous species are an important genus as it
has some of the magnificent flowers in the orchid
family. Water is a critical element to the species. If
water is insufficient, the orchid will not thrive. This
will hinder the flower from blooming [31]. Hence, it
is critical that the dynamic response of water status
measured from the roots to water sources and
environment be understood so that orchid growth and
yield can be optimized.
Through an extensive review, the following gaps in
the literature have been identified. Firstly, studies on
orchid that characterizes the dynamic response of
root changes to temperature and humidity is limited.
Second, the use of NARX neural network for
modelling the dynamic response of water status is
never attempted. Finally, no model related to orchids
has been validated and accepted for precision
agriculture systems. Therefore, the study attempts to
1) measure and analyse dynamic response of root
diameter to temperature and relative humidity in
orchid, 2) develop a dynamic response model using
NARX neural network with different learning
algorithms, and 3) validate the model for use in
precision agriculture systems. Generally, the study
will be beneficial to collectors and breeders for
monitoring water status and thereby ensuring
optimum growth and yield of orchids.
2. Methods
2.1. Experimental Setup and Data Collection
A Vanda hybrid monopodial orchid is used in this
study. Specifically, the species is Ascocenda Fuchs
Harvest Moon x (V. Chaophraya x Boots) which
comes from mericlone. The roots are exposed to air
to absorb moisture. A DRO Root Aquatic Plant
dendrometer with DL 18 logger from Ecomatik is
fixed to the root to measure diameter changes in
relation to the variations in temperature and relative
humidity. The two latter parameters are recorded by
HOBO U14 LCD External Temperature / Relative
Humidity data logger. All variables are logged by the
HOBO software. Data are collected from 2 October
2018 to 21 November 2018, at time intervals of 15
minutes. The orchid is not watered. However, the
exposed roots can absorb moisture from the humid
air. The block diagram of the water uptake system in
orchids, input, and output elements, as well as sensor
systems are shown in Figure 1.
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Figure 2. Closed-loop parallel structure of the NARX
model with tapped delay lines (TDL)

Figure 1. Block diagram of experimental setup

Root diameter changes, temperature and relative
humidity then plotted against time. Based on the
daily fluctuations of the root diameter, additional
parameters such as maximum root diameter
(MXRD), minimum root diameter (MNRD),
maximum daily shrinkage (MDS) [19], and daily
recovery (DR) are derived. MDS and DR are each
shown by (1) and (2), where n is the day number.
MDS
DS

MXRD
MXRD

MNRD

(1)

MNRD

(2)

The network is generally comprised of an input
layer, several hidden layers, and an output layer.
However, past studies have shown that one hidden
layer is sufficient to perform function approximation.
The number of hidden nodes and lag can be varied,
and the performance will depend on the best
parameter combination [32]. Figure 3 shows the
general structure of ANN with one hidden layer.

2.2. NARX neural network
The NARX structure is used to model the dynamic
response of water status in root of the orchid to
temperature and humidity. This is described by (3),
where F(.) is the estimated model and (.) are
elements that make up the structure. ŷ(t) is the
predicted output, x1(t), x1(t – 1), …, x1(t – Nx) are the
temperature, x2(t), x2(t – 1), …, x2(t – Nx) are the
relative humidity, and ŷ(t – 1), ŷ(t – 2), …, ŷ(t – Ny)
are the lagged predicted outputs. Nx and Ny are the
number of lags for the input and output elements
[32]. The NARX model is shown in Figure 2.
𝑦 𝑡

𝐹 𝑦 𝑡 1 ,𝑦 𝑡 2 ,…,𝑦 𝑡
𝑥 𝑡 ,𝑥 𝑡 1 ,…,𝑥 𝑡
𝑁 ,𝑥 𝑡 ,𝑥 𝑡
1 ,…,𝑥 𝑡 𝑁

𝑁 ,

Initially, the vector of input variables, xi, is
transformed into a vector of hidden variables, hj, via
activation function, Γ1. This is shown by (4), where
wij are the weights between ith input node to jth
hidden node, and θj are the biases in the hidden layer.
M is the number of nodes in the input layer.
ℎ

Γ

𝑤 𝑥

𝜃

(4)

(3)

Generally, the NARX model can be illustrated by
the structure in Figure 2. As a black box model, the
internal mapping between input and output is initially
unknown. ANN is then used to estimate the
relationship between temperature and relative
humidity to the root diameter.
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Figure 3. General structure of ANN with one hidden layer

Then, the vector of hidden variables, hj, is
transformed into the output variable, yk, through
activation function, Γ2. This is expressed by (5),
where wjk are the weights between jth hidden node to
kth output node, and θk is the bias in the output layer.
N is the number of nodes in the hidden layer.
𝑦

Γ

𝑤 ℎ

𝜃

(5)
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Γ1 and Γ2 adopts the pure linear and hyperbolic
tangent activation function, respectively. Each is
mathematically expressed by (6) and (7).
Γ 𝑥

𝑒

⁄ 𝑒

𝑒
Γ 𝑥

𝑒

𝑥

(6)
(7)

Prior to development of the NARX neural network
model, the variables are initially normalized using
min-max method. The process scales the original
input array into a new normalized form, xnorm, that is
limited between –1 and 1. These are expressed by
(8), where x is the original value, xmin is the minimum
value of variable x, and xmax is the maximum value of
variable x.
𝑥norm

𝑥

𝑥min ⁄ 𝑥max

𝑥min

(8)

The data is divided for training, validation, and
testing with 70:15:15 split ratio. Interleaving is done
for data separation. Early stopping criterion is
implemented to avoid the network from overfitting.
During training, the unseen validation data is used to
periodically gauge generalization performance of the
network. An increasing validation error indicates that
the network has started to overfit. Training is
stopped, and the weights and biases are then finalized
at the iteration before the network starts to overfit
[32].
Network performance is assessed through
coefficient of determination (R2). R2 is a is a
statistical measure of how well the regression
predictions approximate the actual data points. This
is shown by (9), where RSS is the sum of squares of
residuals, and TSS is the total sum of squares.
1

R

RSS⁄TSS

100

(9)

2

Apart from R , mean squared error (MSE) is also
used to assess network performance. MSE of a
predictor measures the average of the squares of
error. This is presented by (10), where y is the actual
output, ŷ is the predicted output, and N is the number
of samples.
MSE

1
𝑁

𝑦

𝑦

(10)

In many studies, learning algorithm has
demonstrated to influence network performance. The
basic backpropagation learning updates the weights
between the connections through a gradient descent
algorithm shown by (11). wk is the vector of present
weights and biases, ak is the learning rate, and gk is
the current gradient. The algorithm is sensitive to the
learning rate configurations. A high learning rate
induces oscillation and stability. However, a low
setting will result in longer time to converge.
𝑤
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𝑤

𝑎 𝑔

(11)

An adaptive learning rate with momentum (GDX)
method has been proposed. This approach allows the
learning rate to be maintained as high as possible
while ensuring stability. The network could then
respond to both local gradient and recent trends in
the error surface. To further increase training speed,
the resilient propagation (RP) and conjugate gradient
algorithms are also proposed. The later searches
along the conjugate gradient direction ascertain the
step size that minimizes the performance function.
The optimal distance along the present search
direction is given by (12).
𝑤

𝑤

𝑎 𝑝

(12)

As expressed by (13), the subsequent search
direction is then determined so that is conjugate to
the previous search direction.
𝑝

𝑔

𝛽 𝑝

(13)

The method in which parameter βk is computed
will determine the various versions of conjugate
gradient. As shown by (14), the Polak-Ribiere (CGP)
update is defined as the ratio of the norm squared of
the current gradient to that of the previous gradient.
∆𝑔 𝑔 ⁄𝑔

𝛽

𝑔

(14)

Another method is also proposed where the
Powell-Beale (CGB) update happens when the
orthogonality between the current and previous
gradient is very small. The condition is tested
through (15).
𝑔

0.2‖𝑔 ‖

𝑔

(15)

An alternative to the conjugate gradient methods
for fast optimization is the Broyden, Fletcher,
Goldfarb, and Shanno quasi-Newton (BFG) update.
The procedure is shown by (16), where A–k1 is the
Hessian matrix of the performance index at the
current values of weights and biases. While the
method converges faster than the conjugate gradient
algorithms, it is computationally more expensive.
𝑤

𝑤

𝐴 𝑔

(16)

The Levenberg-Marquardt (LM) algorithm further
reduces
the
computational
complexity
by
approximating the Hessian matrix. These are shown
by (17), where J is the Jacobian matrix, e is the
vector of error, and μ is a constant.
𝑤

𝑤

𝐽 𝐽

𝜇𝐼 𝐽 𝑒

(17)

Variations in network performance for different
learning algorithms are assessed but not only in terms
of R2 and MSE, but also the epoch taken to converge.
Then, the best network performance is identified and
analyzed using one step ahead (OSA) test, residual
plot, and error histogram. OSA test determines the
ability of the model to predict the output based on
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previous results. Meanwhile, the histogram shows the
distribution of error values based on network
training, validation, and testing. Generally, a model
that is well developed can predict values close to the
actual values and the errors obtained are very close to
zero.
2.3. Model Validation

within the 95% confidence interval. Meanwhile, CCF
test is used to determine correlation with two
variables. In this study, the correlation is observed
between the residuals and the output variable. For the
error to be considered uncorrelated with the output
and random, the coefficients should lie within the
95% confidence interval for all lags.
3. Results and Discussion

The model with best network performance is then
assessed using autocorrelation (ACF) and crosscorrelation function (CCF) tests. The tests are
performed to validate whether the model can be
accepted. In ACF test, the correlation is analysed
between the residual and itself at different lags. For
the error to be considered random and uncorrelated
with each other, the residuals will only be correlated
at lag 0. At all other lags, the coefficients should lie

3.1. Experimental setup and data collection
Root diameter changes, temperature, and relative
humidity have been recorded for a duration of 51
days with 15 minutes interval. A total 4,808 data
points are obtained for each variable. These are
shown by Figure 4.

Figure 4. Root diameter, temperature, and relative humidity against time

Figure 5 shows the root stem indices plotted
against the number of days. The derived parameters
are MXRD, MNRD, MDS, and DR. Based on the
daily observation of dynamic root response, MXRD
occurs during the day, while MNRD happens in the
evening. MDS and DR decrease as the orchid is not
watered. The reduction of water content in the orchid
resulted in decreasing root diameter.

TEM Journal – Volume 11 / Number 4 / 2022.

3.2. NARX Neural Network
Through exhaustive experimentation, optimum
model performance has been observed for 18 hidden
nodes with lag of 10 for input and predicted output.
Table 1 shows the resultant R2, MSE and the number
of epochs taken to converge for GDX, RP, CGP,
CGB, BFG, and LM algorithms.
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Figure 5. MXRD, MNRD, MDS and DR against the number of days
Table 1. Model performance using different learning
algorithms
Learning
algorithm
GDX

RP

CGP

CGB

BFG

LM

Training
Validation
Testing
Training
Validation
Testing
Training
Validation
Testing
Training
Validation
Testing
Training
Validation
Testing
Training
Validation
Testing

Performance Metrics
2

R

59.7499
54.4689
61.4254
99.9111
99.9211
99.8859
99.9460
99.9573
99.9279
99.9350
99.9448
99.9121
99.9682
99.9701
99.9490
99.9973
99.9957
99.9965

MSE (μm)
–1

1.09 x 10
1.19 x 10–1
1.03 x 10–1
2.41 x 10–4
2.07 x 10–4
3.04 x 10–4
1.46 x 10–4
1.12 x 10–4
1.92 x 10–4
1.76 x 10–4
1.45 x 10–4
2.30 x 10–4
8.61 x 10–5
7.84 x 10–5
1.36 x 10–4
7.40 x 10–6
1.13 x 10–5
9.43 x 10–6

Epoch
26

1000

183

105

114

17

Comparatively, GDX has demonstrated the poorest
performance. The model yielded overall R2 of less
than 60.0 with MSE larger than 1.0 x 10–1 μm.
Despite the relatively low number of epochs to
converge, it is worth noting the training is stopped
prematurely due to the increased validation error.
Therefore, the network has started to overfit even at
the early stage of training. The weights and biases of
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the trained neural network is far from optimized.
Hence, the poor performance is reflected in relatively
low R2.
However, these were not observed for the other
algorithms. Generally, the rest yielded overall R2 of
more than 99.9 with error less than 2.5 x 10–4 μm.
The largest number of epochs taken to complete the
training is with RP algorithm. While the performance
may already be excellent, it should be noted that the
training is not stopped because of the increased
validation error, but due to reaching maximum limit
of 1000 epochs for training. If this is not set earlier,
the training may have taken longer to complete, but
may end up with improved R2 and MSE.
Meanwhile, the models trained with the conjugate
gradient methods showed superior performances than
GDX and RP, yielding MSE of less than 2.0 x 10–4
μm. Considerable improvement has been observed in
the number of epochs taken for the network to
converge. Comparatively, the fast optimization BGF
algorithm has shown the better alternative with MSE
of less than 1.0 x 10–4 μm. However, LM algorithm
yielded even better performance with R2 of 99.99
with MSE of less than 1.0 x 10–5 μm. The number of
epochs taken to converge is also significantly smaller
than BFG, CGB, CGP, and RP algorithms.
Based on the obtained results, further discussion
will only focus on the model developed with LM
algorithm. Figure 6, Figure 7, and Figure 8 each
shows the OSA test for training, validation, and
testing. Excellent model fit has been observed and
these are complemented by the residual plots in
Figure 9, Figure 10, and Figure 11.
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Figure 6. OSA test for model training

Figure 9. Residual plot for model training

Figure 7. OSA test for model validation

Figure 10. Residual plot for model validation

Figure 8. OSA test for model testing

Figure 11. Residual plot for model testing

TEM Journal – Volume 11 / Number 4 / 2022.
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These are backed by the error histogram in Figure
12. The errors range from –0.00794 to 0.0115, with
majority having magnitudes close to zero.

Figure 14. ACF plot for model validation

Figure 12. Error histogram

3.3. Model Validation
The ACF plots for model training, validation, and
testing are each shown by Figure 13, Figure 14, and
Figure 15. At lag 0, the coefficient is 1 as the errors
are correlated with itself. With increasing lags, the
coefficients dropped to within the 95% confidence
intervals. The CCF plots for training, validation, and
testing are each shown by Figure 16, Figure 17, and
Figure 18. No correlation is observed between the
errors and the output as the coefficients fell within
the 95% confidence intervals. These show that the
errors are not correlated and is random. Thus, the
model is valid and can be accepted.

Figure 15. ACF plot for model testing

Figure 13. ACF plot for model training

Figure 16. CCF plot for model training
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root diameter changes with temperature and relative
humidity. Extensive experiment revealed the best
network configuration is with 18 hidden nodes and
lag of 10 for both input and predicted output. A
comparative analysis also showed LM algorithm to
produce the best results in terms of R2, MSE and the
number of epochs taken to converge. OSA tests and
residual plots also indicate excellent model fit. The
model has also passed the ACF and CCF tests and
can therefore be accepted. The findings will be
beneficial for monitoring water status in orchids, as
well as ensuring its optimum growth and yield.
Acknowledgements
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Figure 17. CCF plot for model validation

Figure 18. CCF plot for model testing

4. Conclusion
The study has set out to solve the following
objectives: 1) To measure and analyse dynamic
response of root diameter to temperature and relative
humidity in orchid, 2) to develop a dynamic response
model using NARX neural network with different
learning algorithms, and 3) to validate the model for
use in precision agriculture systems. Root diameter
changes, temperature, and relative humidity has been
successfully measured for 51 days. The data shows
conformity with the standard transpiration model in
plants where MXRD happens during the day, and
MNRD occurs in the evening. Water stress triggered
by insufficient water have also resulted in greater
shrinkage in the root diameter.
Data were then normalized and NARX neural
network is used to model the relationship between
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