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a b s t r a c t
The reduced Tomgro model is one of the popular biophysical models, which can reﬂect the actual growth process
and model the yields of tomato-based on environmental parameters in a greenhouse. It is commonly integrated
with the greenhouse environmental control system for optimally controlling environmental parameters to maximize the tomato growth/yields under acceptable energy consumption. In this work, we compare three mainstream
evolutionary algorithms (genetic algorithm (GA), particle swarm optimization (PSO), and diﬀerential evolutionary (DE)) for calibrating the reduced Tomgro model, to model the tomato mature fruit dry matter (DM) weights.
Diﬀerent evolutionary algorithms have been applied to calibrate 14 key parameters of the reduced Tomgro model.
And the performance of the calibrated Tomgro models based on diﬀerent evolutionary algorithms has been evaluated based on three datasets obtained from a real tomato grower, with each dataset containing greenhouse
environmental parameters (e.g., carbon dioxide concentration, temperature, photosynthetically active radiation
(PAR)) and tomato yield information at a particular greenhouse for one year. Multiple metrics (root mean square
errors (RMSEs), relative root mean square errors (r-RSMEs), and mean average errors (MAEs)) between actual
DM weights and model-simulated ones for all three datasets, are used to validate the performance of calibrated
reduced Tomgro model.

1. Introduction
Nowadays, greenhouses are preferred by many tomato growers.
Compared with the ﬁeld growing, growing tomatoes in a greenhouse
can extent the tomato growing season, protect tomatoes against temperature and weather changes as well as provide tomatoes with a safe growing environment [15]. With the development of modern techniques, the
environmental parameters (e.g., carbon dioxide concentration, temperature, photosynthetically active radiation (PAR)) in a greenhouse nowadays can be controlled to guarantee tomatoes to grow at the most appropriate environmental conditions [18,23]. The optimal control of greenhouse environments is vitally important for optimizing the cultivation
management to guarantee the maximum tomato yield. And to determine
the optimal greenhouse environmental parameters, most importantly, it
is needed to accurately model the tomato growth/yield based on environmental parameters in a greenhouse
A variety of models have been developed for crop yield modelling,
which is divided into two categories: data-driven model and explanatory
biophysical model as in [14]. Data-driven ones ([1,2,13]) estimate crop

yield by machine learning/deep learning models trained from a large
collection of environmental parameters and historical yield data. While
the explanatory model describes the relationship between greenhouse
environmental factors (e.g., CO2, temperature, etc.) and crop morphological development based on ordinary diﬀerential equations (ODEs),
for modelling the crop yield. Compared with the data-driven model, a
biophysical model is more practical to reﬂect the actual growth process
of crops, which is commonly integrated in the greenhouse environmental control system for optimizing the tomato yields [24].
Diﬀerent biophysical models have been applied for the greenhouse
crop yield modelling. The common-use HORTISIM [4] is a greenhouse
crop system simulation model that can be used to predict crop yield in
response to climate conditions inside a greenhouse and cultural operations, which is developed for providing eﬀective strategies for greenhouse environmental control and management. Ritchie et al. [19] proposed the CERES model, which simulates a variety of factors (such as
above-ground biomass, harvest index) related to crop yield in response
to climate, soil, genotypes and management. Van Keulen [12] proposed
the SUCROS model, which simulated the dry matter yield in various or-
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gans of wheat-based on solar radiation. The biophysical model proposed
in [17] describe the eﬀects of electrical conductivity, nitrogen, phosphorus, potassium, and light quality on dry matter yield and photosynthesis
of greenhouse cucumbers. With respect to the biophysical models focusing on tomato growth modelling, the developed Tomgro model in
[10] models the evolution of seven state variable vectors related to the
tomato growth: numbers of leaves, numbers of main stem segments,
numbers of fruits, dry weights of leaves plus petioles, dry weights of
main stem segments, dry weights of fruits, and areas of leaves based on
dynamically changing temperature, solar radiation and CO2 concentration inside a greenhouse. A more complex Tomsim biophysical model
is proposed in [7], which contains multiple sub-modules developed for
modelling diﬀerent aspects (i.e., photosynthesis, dry matter production
truss appearance rate, fruit growth period and dry matter partitioning,
etc.) related to tomato growth. A model that describes the eﬀects of
greenhouse climate on tomato yield based on a series of ODEs was described and validated in [24]. This yield model was validated for four
temperature regimes. Results demonstrated that the tomato yield was
simulated accurately for both near-optimal and non-optimal temperature conditions in the Netherlands and southern Spain with varying light
and CO2 concentrations. An integrated yield prediction model, which is
an integration of Tomgro model [10] and Vanthoor model [24], is applied in [14] to predict the tomato yield in greenhouses based on controllable greenhouse environmental parameters.
Although diﬀerent models [7,10,14,24] have been proposed for
modelling tomato growth/yield, these models are complex with tremendous amounts of state variables and associated model parameters (for
example, the Tomgro model in [10] has 69 state variables and that in
[7] has 574 state variables), which makes it inconvenient for calibrating
related models for accurately modelling tomato yield at a real greenhouse site. To ameliorate this, a reduced Tomgro model is proposed in
[9]. Compared with models in [7,10,14,24], the reduced Tomgro model
is relatively simple and has much fewer model parameters, which makes
it more convenient to be calibrated for real-site tomato growth modelling as shown in [9]. And the reduced Tomgro model has been successfully applied to model the tomato yield on diﬀerent real greenhouse
sites, as reported in [3,20,25].
The genetic algorithm (GA) is usually applied as detailed in [25],
to calibrate the reduced Tomgro model to make it applicable to model
tomato yield on a particular site. The results obtained on a real tomato
growing site has shown the fruit dry matter (DM) weights simulated by
the calibrated reduced Tomgro model are close to the actual measurement data as shown in [25]. Although there are many other evolutionary
algorithms that have been successfully applied in diﬀerent engineering
applications [21], however, no research of exploiting other optimization
strategies for calibrating the reduced Tomgro model is investigated. To
ﬁll this gap, in this work we have evaluated diﬀerent evolutionary algorithms for calibrating the reduced Tomgro model, to model the tomato
fruit DM yield at a real greenhouse site. The chosen evolutionary algorithms include genetic algorithm (GA), particle swarm optimization
algorithm (PSO) and diﬀerential evolutionary (DE) algorithm, which all
have been successfully applied for a variety of optimization problems
in diﬀerent domains [8,11,16]. Each algorithm is applied to tune optimal model parameters in the reduced Tomgro model for modelling
tomato fruit DM yields. The performance of each evolutionary algorithm for calibrating the reduced Tomgro model is evaluated on three
datasets obtained from a tomato grower, with each dataset containing
recorded carbon dioxide concentration, temperature, photosynthetically
active radiation (PAR) and yield information in a greenhouse during one
year’s period. From statistical analysis of diﬀerent error metrics (include
root mean square errors (RMSEs), relative root mean square errors (rRMSEs) and mean absolute errors (MAEs)) obtained from the model
simulated DM yields and ground-truth ones recorded in every dataset,
it is shown that the reduced Tomgro model calibrated by the PSO algorithm achieves the most accurate result for modelling the fruit DM
yields.

This paper is organized as below: Section 2 gives the descriptions of
the reduced Tomgro model and diﬀerent evolutionary algorithms: GA,
DE and PSO. Detailed experimental studies on the performance of three
evolutionary algorithms for calibrating the reduced Tomgro model are
provided in Section 3. Dicussions of this research work are provided in
Section 4.
2. Methods
2.1. Reduced Tomgro model
The reduced state-variable tomato model [9] is used for the simulation of tomato growth on the basis of three inputs that are measured inside a greenhouse environment: the photosynthetically active radiation
in [mmol/m2 /s] or photosynthetically active radiation (PAR) (𝑊 ∕𝑚2 ),
air temperature [◦ C] and CO2 concentration [ppm]. The reduced statevariable tomgro model, with a number of mainstem nodes (𝑁), leaf area
index (𝐿𝐴𝐼), total plant weight(𝑊 ), fruit weight(𝑊𝐹 ), and mature fruit
dry weight (𝑊𝑀 ) as state variables, contains the same process equations
for photosynthesis, respiration, and development as the comprehensive
Tomgro/TomSim model in [7,10], but with new leaf area and dry matter growth relationships being developed. The dynamics of the total dry
matter production and distribution in fruit and mature dry weight in the
reduced state-variable tomgro model are dependent on photosynthesis
and respiration processes, based on temperature, CO2 concentration and
PAR radiation.
In speciﬁc, main process equations for the reduced state-variable
Tomgro model are shown in the following equations:
𝑑𝑁
= 𝑁 𝑚 ⋅ 𝑓𝑁 (𝑇 )
𝑑𝑡

(1)

𝑒𝑥𝑝(𝛽 ⋅ (𝑁 − 𝑁𝑏 ))
𝑑(𝐿𝐴𝐼)
𝑑𝑁
= 𝜌 ⋅ 𝛿 ⋅ 𝜆(𝑇𝑑 )
⋅
𝑑𝑡
1 + 𝑒𝑥𝑝(𝛽 ⋅ (𝑁 − 𝑁𝑏 )) 𝑑𝑡

(2)

𝑑𝑊𝐹
𝑑𝑊
𝑑𝑁
=
+ (𝑉𝑚𝑎𝑥 − 𝑝1 ) ⋅ 𝜌 ⋅
𝑑𝑡
𝑑𝑡
𝑑𝑡

(3)

𝑑𝑊𝐹
= 𝐺𝑅𝑛𝑒𝑡 ⋅ 𝛼𝐹 ⋅ 𝑓 (𝑇𝑑 ) ⋅ (1 − 𝑒𝑥𝑝(−𝑣(𝑁 − 𝑁𝐹 𝐹 ))) ⋅ 𝑔(𝑇𝑑𝑎𝑦𝑡𝑖𝑚𝑒 )
𝑑𝑡

(4)

𝑑𝑊𝑀
= 𝐷𝐹 (𝑇𝑑 ) ⋅ (𝑊𝐹 − 𝑊𝑀 )
𝑑𝑡

(5)

The rate of node development 𝑑𝑁
was modelled as a the maximum
𝑑𝑡
rate of node appearance rate per day 𝑁𝑚 multiplied by a function that reduces vegetative development depending on non-optimal temperatures.
Leaf area index is updated daily in the reduced model based on (2),
which is dependent on the node number 𝑁 and aﬀected by the daily
temperature 𝑇𝑑 . 𝑊 in (3) indicates the total above-ground dry weight.
From Eq. (3), we can see that the growth rate of 𝑊 is calculated as a
weighted sum of the fruit growth rate and node growth rate. The partitioning of above-ground growth to fruit each day begins at node position
𝑁𝐹 𝐹 and increases asymptotically to a maximum partitioning using the
Eq. (4). While in the reduced Tomgro model, the average development
𝑑𝑊
rate of mature fruit DM weight 𝑑𝑡𝑀 , used to move the fruit from green
to mature stages is given in (5), from which we can see that it depends
on the daily average temperature 𝑇𝑑 , fruit weight 𝑊𝑓 and mature fruit
weight 𝑊𝑀 . More detailed descriptions of relevant equations and parameters can be found in [9].
2.2. Evolutionary algorithms
The calibration of the reduced Tomgro model can be regarded as an
optimization problem, that is, ﬁnding the optimal set of model parameters to model the tomato yield to be as approximate as the actual one
2
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where 𝐹 is a number between 0 and 1.
Recombination: A trail vector 𝑈𝑖𝑔+1 is develop from 𝑋𝑖𝑔 and the

[25]. In this work, we have compared three mainstream evolutionary
algorithms (GA,DE and PSO) for reduced Tomgro model calibrations.
Algorithm descriptions are shown in the next sections.

donor vector 𝑉𝑖𝑔+1 by:
{

2.2.1. Genetic algorithm
Genetic Algorithm (GA) [6] is an adaptive heuristic search based
evolutionary algorithm, which is based on the ideas of natural selection
and genetics and commonly used to generate solutions for optimization problems. It simulates the process of natural selection which means
those species who can adapt to changes in their environment are able
to survive and reproduce and go to the next generation.
To exploit GA to solve an optimization problem requires a genetic
representation of the solution domain of the problem as well as a ﬁtness
function for evaluating a solution. Once the genetic representation and
the ﬁtness function are deﬁned, the GA proceeds to initialize a population of individuals(solutions) and then to improve it to obtain optimal
solutions through repetitive application of the following operators:
Selection Operator: This operator gives preference to the individuals with good ﬁtness function scores and allows them to pass to the
successive generations.
Crossover Operator: This operator ‘mates’ between individuals.
Two individuals are selected using the selection operator and crossover
sites are chosen randomly. Then the genes at these crossover sites are
exchanged thus creating a completely new individual (oﬀspring).
Mutation Operator: This operator inserts random genes in oﬀspring
to maintain the diversity in the population to avoid premature convergence.
The aforementioned three operators are applied repeatedly until a
termination condition has been reached, for example, a ﬁxed number of generations reached or the highest-ranking solution’s ﬁtness is
reaching or has reached a plateau such that successive iterations no
longer produce better results. The procedure of the GA is described as
in Algorithm 1. More details of the genetic algorithms can be found in

𝑔+1
𝑈𝑖,𝑗
=

𝑉𝑖,𝑗𝑔+1
𝑔
𝑋𝑖,𝑗

𝑟𝑎𝑛𝑑() ≤ 𝐶𝑝 𝑜𝑟 𝑖 = 𝐼𝑟𝑎𝑛𝑑
𝑟𝑎𝑛𝑑() > 𝐶𝑝 𝑜𝑟 𝑖 ≠ 𝐼𝑟𝑎𝑛𝑑

(7)

𝑔+1
𝑔
where 𝑈𝑖,𝑗
, 𝑉𝑖,𝑗𝑔+1 and 𝑋𝑖,𝑗
mean the 𝑗th element of 𝑈𝑖𝑔+1 , 𝑉𝑖𝑔+1 and 𝑋𝑖𝑔 .
𝐼𝑟𝑎𝑛𝑑 is a integer random number between [1,D], where D is the vector
dimension. 𝐶𝑝 is the recommendation probability.
Selection: the target vector is compared with the trial vector and
the one with the lower ﬁtness function value is select to replace for the
next generation, as in the following equation:

𝑋𝑖𝑔+1 =

{

𝑈𝑖𝑔+1
𝑋𝑖𝑔

𝑓 (𝑈𝑖𝑔+1 ) < 𝑓 (𝑋𝑖𝑔 )
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(8)

where 𝑓 (⋅) represents the ﬁtness function.
2.2.3. Particle swarm optimization algorithm
Particle swarm optimization (PSO) [5] is a population-based stochastic optimization algorithm motivated by the intelligent collective behaviour of some animals such as ﬂocks of birds or schools of ﬁsh. In spe0 ]
ciﬁc, initially N solution candidates (also called particles) [𝑋10 , … , 𝑋𝑁
and their associated velocities [𝑉10 , … , 𝑉𝑁0 ] are generated. All particles
have a ﬁtness value, which can be calculated using a ﬁtness function
associated with a particular optimization problem.
Particle values are updated by the following equations, until the optimal solution is found:
𝑉𝑖𝑔+1
𝑋𝑖𝑔+1

= 𝑉𝑖𝑔 + 𝐶1 ∗ 𝑟𝑎𝑛𝑑() ∗ (𝑃 𝐵𝑖 − 𝑋𝑖𝑔 ) + 𝐶2 ∗ 𝑟𝑎𝑛𝑑() ∗ (𝐺𝐵 𝑔 − 𝑋𝑖𝑔 )
= 𝑋𝑖𝑔 + 𝑉𝑖𝑔+1
(9)

Algorithm 1 Genetic algorithm procedure.

where 𝑉𝑖𝑔 and 𝑋𝑖𝑔 represent the 𝑖th velocity and particle in the 𝑔th generation. 𝑤 is the inertia weight and 𝐶1 , 𝐶2 represent the learning factors.
𝑟𝑎𝑛𝑑() generates a random number in [0,1]. 𝑃 𝐵𝑖 and 𝐺𝐵 𝑔 represent personal best performance for the 𝑖th particle and the best performance of
the group for the 𝑔th generation respectively.

1) Randomly initialize populations p
2) Determine ﬁtness of population
repeat
a) Select individuals from population
b) Crossover and generate new population
c) Perform mutation on new population
d) Calculate ﬁtness for new population
until convergence

3. Results
The evaluations of diﬀerent evolutionary algorithms for calibrating
the reduced Tomgro model are presented in this Section. Detailed experimental analysis is given out in the following sub-sections.

[6].
2.2.2. Diﬀerential evolution algorithm
Diﬀerential evolution algorithm [22] is a stochastic, populationbased optimization algorithm for solving a nonlinear optimization problem. Similar to the generic algorithm, a ﬁtness function and an initial
population of individuals(solutions) are both deﬁned for using DE to
solve an optimization problem. However, it does not require the genetic
representation of the solutions.
In speciﬁc, for exploiting the DE algorithm to solve an optimization
0 ] is
problem, initially a population of N candidate solutions [𝑋10 , … , 𝑋𝑁
deﬁned, where 𝑁 represents the population size and 0 represents that
it is the initial 0-th generation. Mutation, recombination and selection
operations are performed to update candidate solutions until termination condition is satisﬁed. Details of diﬀerent operations are described
as follows:
Mutation: Based on a particular candidate solution 𝑋𝑖𝑔 at the 𝑔th
generation, randomly select three other individuals (𝑋𝑟𝑔1 , 𝑋𝑟𝑔2 , 𝑋𝑟𝑔3 ) and

3.1. Datasets descriptions
Three datasets are collected from a tomato growing site in Newcastle,
UK, which contain recorded CO2 concentrations (mmp), temperatures
(𝑜 𝐶),photosynthetically active radiation (PAR) (𝑊 ∕𝑚2 ) and tomato DM
yield information in diﬀerent greenhouses during diﬀerent time periods.
The details of these datasets are described in the following table:
As an illustration, the daily recorded CO2 concentration, temperature and PAR for all three datasets are shown in Fig. 1. Besides, the
descriptive statistics analysis on environmental parameters for diﬀerent
datasets is summarized in Table 2. We can observe that for Dataset 2, the
descriptive statistics (min, max median, and mean values) of recorded
CO2 concentration values are comparatively lower than those in the
other two datasets. While the descriptive statistics of other environmental parameters for these three datasets are almost consistent.
Tomato DM yield (𝑔∕𝑚2 ) in diﬀerent greenhouses is measured
weekly. Measured weekly DM yields associated with all three datasets
are shown in Fig. 2.

construct a donor vector 𝑉𝑖𝑔+1 by using the following equation:
𝑉𝑖𝑔+1 = 𝑋𝑟𝑔1 + 𝐹 (𝑋𝑟𝑔2 − 𝑋𝑟𝑔3 )

(6)
3
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Fig. 1. Daily recorded CO2 concentration
(mmp), temperature (𝑜 𝐶) and PAR(𝑊 ∕𝑚2 ) associated with dataset 1 (left column), dataset 2
(middle column) and dataset 3 (right column).

Fig. 2. Recorded weekly tomato DM yields in
dataset 1 (left), dataset 2 (middle) and dataset
3 (right).

Table 1
Datasets descriptions.
Dataset1

Dataset2

rithms for calibrating the reduced Tomgro model for modelling tomato
fruit DM yield. The 14 key parameters of the reduced Tomgro model
that needed to be tuned/calibrated are shown in Table 3. The detailed
explanations on the physical meanings of diﬀerent parameters can be
found in [9].
Three evolutionary algorithms (GA, PSO, DE) are exploited and compared, for tuning the optimal set of model parameters (the ones in
Table 3). For a fair comparison, both the initial populations of model
parameters settings and the iteration number for three algorithms are
set the same. In speciﬁc 100 initial solution candidates of model parameters are chosen randomly among the parameter ranges as in Table 1, for
all three algorithms. The iteration number for all three algorithms is set
to be 100. Note, we’ve also tried larger candidate and iteration numbers
(such as 150 and 200), but found no obvious performance improvement
for reduced Tomgro model calibration. All chosen algorithm parameters

Dataset3

Location
Greenhouse 1
Greenhouse 2
Greenhouse 2
Time period
2018
2017
2018
Information
yield information (𝑔∕𝑚2 )
CO2 concentration (mmp)
included
temperature (𝑜 𝐶)
PAR(𝑊 ∕𝑚2 )

3.2. Algorithms evaluations
Based on recorded environmental parameters and fruit DM yield information in every dataset, we’ve exploited diﬀerent evolutionary algo4
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Table 2
Descriptive statistics of greenhouse environmental parameters associated
with diﬀerent datasets.

CO2 (𝑚𝑚𝑝)

Temperature (◦ 𝐶)

PAR (𝑊 ∕𝑚2 )

Min
Max
Median
Mean
Standard
deviation
Min
Max
Median
Mean
Standard
deviation
Min
Max
Median
Mean
Standard
deviation

Dataset1

Dataset2

Dataset3

535.97
1634.10
793.95
785.95
152.52

370.94
967.40
629.97
624.19
129.58

478.05
1691.43
769.79
770.37
175.61

4.73
23.73
18.30
17.25
3.97

3.68
23.89
18.46
17.01
4.25

4.72
23.69
18.31
17.18
3.94

0.59
82.91
42.81
42.17
19.37

0.58
83.02
43.41
42.19
18.92

0.59
82.91
42.81
42.17
19.37

Table 4
Chosen values for algorithm parameters.
GA population size
max. iteration
mutation probability
DE population size
max. iteration
F value in (2)
crossover probability 𝐶𝑝 𝑖𝑛(2)
PSO population size
max. iteration
w in (5)
c1,c2 in (5)

100
100
0.001
100
100
0.001
0.001
100
100
0.8
0.5,0.5

Table 5
Performance comparisons on accumulated fruit DM yield estimations using reduced Tomgro model calibrated by diﬀerent evolutionary algorithms.

Dataset 1

are summarized in Table 4. The root mean square error (RMSE) between
the ground truth recorded DM yields in a dataset and ones estimated by
the reduced Tomgro model, is taken as the ﬁtness function for all three
algorithms and shown below.
√
1 𝑁
𝑅𝑀𝑆𝐸 =
Σ ‖𝑦𝑟𝑒𝑎𝑙 − 𝑦̂𝑚𝑜𝑑𝑒𝑙
‖2
(10)
𝑖
𝑁 𝑖=1 𝑖

Dataset 2

Dataset 3

where 𝑦𝑟𝑒𝑎𝑙
and 𝑦𝑚𝑜𝑑𝑒𝑙
represent the ith recorded ground-truth DM yield
𝑖
𝑖
and the corresponding estimated one by the calibrated reduced Tomgro
model respectively.
The evolutions of RMSE ﬁtness function values with respect to iteration numbers, for all three evolutionary algorithms applied to calibrate
the reduced Tomgro model based on all three datasets, are shown in
Fig. 3. From Fig. 3, we can see that for all scenarios, as the iteration
number increases, the minimum ﬁtness value of solution candidates
(represented by the blue line in the ﬁgure) all decrease and converge
to minimum values, which indicates model parameters solutions minimizing the ﬁtness function can be successfully obtained after certain
iteration numbers of all the three evolutionary algorithms.
After obtaining model parameter solutions based on evolutionary algorithms, the calibrated reduced Tomgro model is then used to model
the fruit DM yield. Firstly, we evaluate the performance of the calibrated
model for simulating the accumulated DM yields. Fig. 4 shows the comparisons between the accumulated ground-truth DM yields recorded in
all three datasets and simulated ones by the calibrated reduced Tomgro
model. We can observe the simulated accumulated DM yields match
well with the ground-truth ones as shown in the ﬁgure.

GA
DE
PSO
GA
DE
PSO
GA
DE
PSO

Avg.RMSE

Avg.r-RMSE

Avg.MAE

0.057
0.078
0.043
0.052
0.041
0.037
0.082
0.075
0.068

0.06
0.08
0.05
0.06
0.05
0.03
0.09
0.08
0.07

0.046
0.066
0.032
0.043
0.033
0.031
0.073
0.069
0.059

A statistical study is made for quantitatively comparing the performance of the reduced Tomgro models calibrated by diﬀerent evolutionary algorithms for modelling/estimating the accumulated DM yields.
Each evolutionary algorithm is applied for calibrating the reduced Tomgro model multiple times. And for each time, a set of metrics (including
RMSE, relative-RMSE and mean absolute error (MAE)) between simulated accumulated DM yields by calibrated models and ground truth
recorded ones is calculated. The averages of obtained RMSEs, relativeRMSEs and MAEs are calculated and summarized inTable 5. We can
observe that the reduced Tomgro model calibrated by the PSO algorithm can always achieve the minimum values of diﬀerent metrics for
all three datasets, which indicates that calibrated model by the PSO algorithm achieves the most accurate result for modelling the accumulated
tomato fruit DM yield.
Moreover, we’ve also made comparisons on reduced Tomgro models calibrated by diﬀerent evolutionary algorithms, for modelling the
weekly DM weights increases. An illustration of the comparison of the
ground-truth weekly DM yields recorded in diﬀerent datasets and the
simulated ones using reduced Tomgro models calibrated by diﬀerent
evolutionary algorithms is shown in Fig. 5. Similar to the accumulative

Table 3
Key parameters for the reduced Tomgro model.
Parameter

Description

Range of estimate

Unit

𝑁𝑚
𝑁𝑏
𝛿
𝛽
𝑉max
𝜏
𝑇𝑐𝑟𝑖𝑡
𝑣
𝐾
𝑚
𝑁𝐹 𝐹
𝛼𝐹
𝐸
𝐷

Max. rate of nodes
Param. in expolinear eq.
Max. leaf area expansion
Param. in eq. expolinear
Maximum increase in vegetative tissue d.w. growth per node
CO2 coeﬃciency
Critic temperature
Transition from vegetative development to fruit development
Development time from ﬁrst fruit to ﬁst ripe fruit
Light transmission coeﬃcient
Nodes per plant when ﬁrst fruit appears
Maximum partitioning of new growth to fruit
Growth eﬃciency
Conversion coeﬃcient of CO2 to CH2O

[0.35,0.4]
[14,16]
[0.05,0.08]
[0.45,0.55]
[8,10]
[0.08,0.12]
[19,21]
[0.8,1]
[0.8,1]
[0.01,0.015]
[16,18]
[0.8,1]
[0.9,1.2]
[4,6]

𝑛𝑜𝑑 𝑒 𝑑 −1
𝑛𝑜𝑑𝑒
𝑚2 𝑛𝑜𝑑𝑒−1
𝑛𝑜𝑑𝑒−1
𝑔[𝑑 .𝑤.]𝑛𝑜𝑑 𝑒−1
𝜇𝑚𝑜𝑙 𝑚2 𝑠−1
𝑜
𝐶
𝑛𝑜𝑑𝑒−1
𝑛𝑜𝑑𝑒
𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑙𝑒𝑠𝑠
𝑛𝑜𝑑𝑒
[𝑓 𝑟𝑎𝑐𝑡𝑖𝑜𝑛]𝑑 −1
𝑔 [𝑑.𝑤.]𝑔 −1 [𝐶𝐻2𝑂]
𝑔𝑚−2 ℎ−1
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Fig. 3. The evolution of RMSE ﬁtness function
values with respect to iteration numbers for different evolutionary algorithms.

Fig. 4. The comparisons of accumulated
recorded DM weights (𝑔∕𝑚2 ) in all three
datasets and the ones simulated by the reduced Tomgro model calibrated by diﬀerent
evolutionary algorithms.
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Fig. 5. The comparisons of recorded weekly
DM weight growth (𝑔∕𝑚2 ) in all three datasets
and the ones simulated by the reduced Tomgro
model calibrated by diﬀerent evolutionary algorithms.

Table 6
Performance comparisons on weekly fruit DM yield estimations using reduced Tomgro model calibrated by diﬀerent
evolutionary algorithms.

Dataset 1

Dataset 2

Dataset 3

GA
DE
PSO
GA
DE
PSO
GA
DE
PSO

Avg.RMSE

Avg.r-RMSE

Avg.MAE

0.015
0.015
0.014
0.014
0.014
0.014
0.016
0.017
0.014

0.19
0.20
0.19
0.18
0.18
0.18
0.21
0.23
0.17

0.011
0.011
0.010
0.011
0.011
0.010
0.012
0.014
0.011

accumulative and week-by-week fruit DM yields. Although this work
provides preliminary results of comparing diﬀerent evolutionary algorithms for calibrating the reduced Tomgro model, a more objective evaluation of evolutionary algorithms for model calibration is expected to
be made on more datasets collected from tomato growers in diﬀerent
locations.
With respect to future works, ﬁrstly more advanced biophysical models and optimization algorithms will be investigated. Besides, not only
limited to model/estimate fruit DM yields, the modelling of diﬀerent
other factors (such as leaf area index, above-ground biomass) related
to the growth of tomato and other crops will be investigated. Besides,
both supervised and unsupervised machine learning models will also be
investigated for modelling crop growths.
Declaration of Competing Interest

DM yield scenario, a quantitative evaluation is also made and the results
are summarized in Table 6. From this table, we can see that compared
with the accumulative DM yield modelling scenario smaller RMSEs are
obtained, however, the r-RMSEs are larger indicating higher relative errors (compared with Table 5). And the model calibrated by the PSO
algorithm still achieves the best performance for modelling the weekly
DM weight increases, with the smallest RMSEs, r-RMSEs and MAEs for
all three datasets.
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