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Abstract

Crop improvement programs aim to develop high-yielding varieties, coupled with resistance to biotic and abiotic stresses with nutritional
superiority. Grain yield, being a complex trait is governed by genotypes, environment, and their interaction. Growing of large number
of genotypes under multiple environments and measuring grain yield and its components are tedious and resource-consuming tasks.
Therefore, there is a great need for novel, cost-effective techniques to evaluate the performance of crops at the field scale through
indirect selection of easily scorable traits using sound algorithms based on comprehensive data. Convolutional neural networks (CNN)
are one of the most promising deep learning methods for dealing with several complex tasks including crop yield prediction, but
their performance is affected by manually set hyper-parameters. To address this, we proposed the artificial bee colony optimizer to
efficiently search the hyper-parameters of CNN models for predicting the wheat yield on the basis of normalized difference vegetation
indices, canopy temperature and plant height. Models are developed on crop yield data using 3350 germplasm of wheat planted in
two growing environments as well as two different locations during the winter season of 2020-21. When compared to other popular
optimization algorithms, such as genetic algorithms and particle swarm optimizers, the proposed model is proven to be superior for
predicting wheat yield in terms of root mean square error (RMSE) (66.44-80.68 g/m?) and R?(0.88-0.91) and at the same time greatly
reduced the computational time. In addition, crop yield prediction using the proposed model can support different management

decisions, including timing and amount of fertilization and selective breeding.
Keywords: Deep learning, hyperparameters optimization, yield prediction

Introduction
In the realm of modern agriculture, the ability to predict crop
yield at a field scale stands as a pivotal factor influencing
farming practices, resource utilization, and food security
measures. Furthermore, non-destructive prediction of crop
yield with high accuracy would allow the identification of
high-yielding genotypes rapidly and efficiently from a large
number of promising genotypes (Bendig et al. 2015; Elsayed
et al. 2017). However, predicting crop yield at a field scale is
challenging due to the intricate interplay of diverse factors
like weather, soil quality, genetics, and farming practices.
This complexity arises from the difficulty in capturing
spatial variations, temporal changes, and unforeseen events,
compounded by limited data and the need to balance model
complexity with practicality. Therefore, innovative crop yield
prediction models are essential to address these challenges.
Remote sensing has found extensive application in
agriculture with different vegetation indices providing a
non-destructive, real-time measure of crop growth. The
normalized difference vegetation index (NDVI), is one of
the most commonly used vegetation indices based on the

reflectance of red and near-infrared lights. It can be used
to characterize crop growth stages, evaluate crop density,
and predict crop yield (Rutkoski et al. 2016). In crops, such as
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maize, wheat, sorghum, and barley, scientists have identified
significant correlations between biomass and NDVI with
some correlation coefficients above 0.70. The values of NDVI,
especially 2 to 3 weeks before and after the heading stage,
are highly correlated with grain yield in wheat (Babar et al.
2006). The NDVI information contains dense data and has a
non-linear relationship with the spatial crop yield (Tasan et
al.2022). By utilizing NDVI data during the early crop growth
stage, we can enhance yield estimation for crop forecasting
and effectively identify high-yielding lines in large breeding
populations.

Many studies have used machine learning (ML)
techniques such as regression trees, random forest,
multivariate regression, support vector machine, and
artificial neural networks for predicting the crop yield using
NDVI (Liu et al. 2001; Nuarsa et al. 2011; Sultana et al. 2014). ML
models treat the output, crop yield, as an implicit function
of the input variables such as NDVI, weather components
and soil conditions, which could be a very complex and
non-linear function. Artificial neural networks have a high
ability to model nonlinear complex relationships between
dependent and independent variables (Cui et al. 2018).
Support vector machines (SVMs) have the potential to solve
the overfitting problem when using high-dimensional data
such as spectral data (Chlingaryan et al. 2018). Spectral
indices have been used in ML methods for yield estimation
of potatoes (Wolanin et al. 2020), wheat (Pantazi et al. 2016)
and cotton (Prasad et al. 2006). Margues Ramos et al. (2020)
used five different ML methods with the vegetation indices
to estimate maize yield. The random forest model estimated
maize yield more accurately than other models. However,
few studies have been conducted using the vegetation
indices with ML methods to estimate vegetable yield (Wei
et al. 2020).

More recently, a deep learning (DL) framework that
takes advantage of state-of-the-art modeling and solution
techniques is used to predict crop yield based on spectral
vegetation indices, environmental data, and management
practices. The convolutional neural network (CNN) model
is one of the most important DL models for predicting crop
yield (Khaki et al. 2020). You et al. (2017) applied CNNs and
recurrent neural networks (RNNs) to predict soybean yield
based on a sequence of remotely sensed images. Kim et al.
(2019) developed a deep neural network model for crop yield
prediction using optimized input variables from satellite
products and meteorological datasets between 2006 and
2015.Wang et al. (2018) designed a DL framework to predict
soybean crop yields in Argentina and they also achieved
satisfactory results with a transfer learning approach to
predict soybean harvests with a smaller amount of data in
Brazil. Yang et al. (2019) investigated the ability of CNN to
estimate rice grain yield using remotely sensed images and
found that the CNN model provided a robust yield forecast

throughout the ripening stage. Khaki et al. (2019) used deep
CNN's to predict corn yield loss across 1,560 locations in the
United States and Canada. Due to its great learning and
expression ability, more and more CNN models have been
studied and proposed in recent years.

However, one obstacle encountered when implementing
CNNs is configuring the architecture of the CNN model.
Therefore, how to design an efficient network configuration
for CNN is challenging yet tough work. For example,
how many convolution kernels should be used in the
convolutions layer and how large should the kernel be?
What kind of activation function is better? And how to set
the learning rate to make the CNN learn better? These are
determined by the hyper-parameters setting of the neural
network. At present, most CNNs usually adopt a fixed CNN
structure and then set the hyper-parameters based on the
historical experiences of network designers (He et al. 2016;
Huang et al. 2017). Network designers manually adjust hyper-
parameters through trial-and-error experiments, requiring
time and effort to obtain the final model architecture. These
procedures, based on historical experience and personal
preferences, often result in locally optimal models, that
are far from globally best hyper-parameter configurations.
Therefore, to obtain better CNN architecture, a more efficient
way is to regard finding the best CNN hyper-parameters
as an optimization problem and then employ powerful
algorithms to solve the optimization problem. However,
hyper-parameters are interconnected and have different
variable types e.g., integer, real-number, or discrete, making
them a black box problem with no explicit objective
function presentation. As a result, traditional optimization
methods, such as Newton's iterative method and conjugate
gradient method, struggle to solve the high complexity CNN
hyperparameters optimization problem.

Instead of traditional methods, evolutionary computation
(EC) intelligent algorithms, such as genetic algorithm
(GA) and particle swarm optimization (PSO), have shown
promising search ability in finding optimal solutions
for complex problems. These algorithms have become
increasingly important in recent years for optimizing
network hyper-parameters of CNNs, as they avoid difficulties
in manual designs and allow for the automatic generation of
promising CNN models. However, EC algorithms are based
on population search and iterative evolution, which requires
further speeding up to reduce long running time. The
fitness evaluation of solutions in EC algorithms consumes
significant computational time, making the optimization
process often lengthy.GA is better suited for optimizing
large and complex parametric spaces, but currently available
implementations of genetic algorithms are only for discrete
search space (Bellot et al. 2018). On the other side, PSO
algorithm enables parallelization and fast convergence
but needs proper initialization and might stuck in the local
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optimum (Zahedi et al. 2021).

This study proposes to adapt the artificial bee colony
(ABQ), a population-based evolutionary heuristic algorithm,
for optimizing CNN hyper-parameters in order to overcome
the challenges of traditional EC algorithms. Specifically,
the study evaluates the performance of the ABC-optimized
CNN model using key indicators such as Normalized
Difference Vegetation Index (NDVI), canopy temperature
(CT), and plant height for wheat yield prediction across
different environmental conditions. Besides, the study
aims to compare the ABC-optimized CNN model with CNN
models optimized using genetic algorithm (GA) and particle
swarm optimization (PSO) in terms of prediction accuracy,
optimization speed, and reliability.

Materials and methods

Data collection

This study used real-world data to predict the performance
of a diverse set of wheat germplasm under different
locations as well as environments. Approximately 3350
wheat accessions were grown in an augmented block
design (ABD) during the winter season 2020-2021 under
two environments i.e,, irrigated and rainfed at ICAR-National
Bureau of Plant Genetic Resources, Issapur Farm, New
Delhi and at Agharkar Research Institute, Pune. The traits
measured included grain yield (GY, g/m?), plant height (PH,
cm), canopy temperature (CT, °C), and normalized difference
vegetation indices (NDVI). Plant height was measured as the
length from ground level to the apex of the spike excluding
awns. Canopy temperature (CT) and NDVI data were
collected during the growing seasons at different growth
stages from tillering through senescence (ground cover,
heading, anthesis, grain filling and maturity)(Zadoks et al.
1974) using a handheld infrared thermometer(IRT) (Fisher
Scientific, UK) and Green Seeker (Trimble Navigation Limited,
Sunnyvale, CA, USA) respectively (Table 1). The observations
were recorded as three readings per plot during the mid-day
from 11 a.m. to 2 p.m. corresponding to solar noon on each
day of observation. The cloudy day was avoided so that
plant canopy could get a maximum light interception. The
IRT readings were taken at a 30° angle from the horizon for
measurement and NDVI readings were taken at a distance
of 70 cm above the crop canopy (Pask, 2012).

Data preprocessing

The NDVI observations had 6.7% missing values for some
germplasms, which we imputed using the mean of the
same NDVI data of other germplasms. The CT data had 6.3%
missing values for some germplasms, which we imputed
using the mean of the same CT data of other germplasms
at the same location as well as the environment. The plant
height did not have any missing values. We tried other
imputation techniques such as median and most frequent
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Table 1. Description of the dataset
Variables Item Description
Yield Irrigated wheat yield (g/m?) Grain yield per plot

Rainfed wheat yield (9/m?) after harvesting,
threshing and

cleaning.

NDVI data were
collected during
ground cover,
heading, anthesis,
grain filling and
maturity stage.

NDVI Normalized Difference
Vegetation Indices (NDVI) at
five growth stages

CT data were
collected during
the heading,
anthesis, grain
filling and maturity
stages.

cT Canopy Temperature (CT) at
four growth stages (°C)

PH Plant Height(cm) Measured in cm

and found that the mean approach led to the most accurate
results. Table 2 shows the summary statistics of the field-
measured parameters. Mean wheat yield data for irrigated
and rainfed environments in Delhi and Pune locations is
288.17 g/m? and the maximum wheat yield is 1182 g/m?.
The result reveals a robust correlation between wheat
yield and NDVI, particularly at the heading stage, with a
correlation coefficient of 0.98. This indicates an exceptionally
strong positive relationship between these variables. The
high NDVI during the heading stage appears closely tied
to increased wheat yield, underlining the significance of
vegetation health at this growth phase. In this dataset, each
and every attribute has its own measurement. In order to
obtain accurate prediction, the dataset has been rescaled
using Eq. (1).
; X—min (X)

= — )

max(X)—min (X)

Where X' is the rescaled value, X is the attributes value,
min(X) is the minimum of the attributes value and max (X)
is the maximum of the attributes value.

Convolutional neural networks
Convolutional neural networks (CNNs) are proposed
to accommodate situations where input variables are
distributed along a space pattern, such as one-dimension
(Fig. 1) (e.g., NDVIs or text), and two or three-dimensions
(e.g., images). CNNs are a special case of neural networks
that uses convolution instead of a full matrix multiplication
in the hidden layers (Pérez-Enciso and Zingaretti 2019). A
typical CNN is made up of dense, fully connected layers and
“convolutional layers”.

In each convolutional layer, a convolutional operation is
performed along the input of predefined width and strides.
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Table 2. Summary statistics of the dataset and correlation coefficient (r) with yield

Mean Minimum Maximum Standard deviation r
NDVI_Ground cover 0.34 0.08 0.42 0.12 0.828
NDVI_Heading 0.54 0.19 0.72 0.09 0.980
NDVI_Anthesis 0.61 0.39 0.93 0.08 0.950
NDVI_Grain filling 0.75 0.29 0.80 0.09 0.866
NDVI_Maturity 0.41 0.17 0.65 0.12 0.727
CT_HeadingeC 21.12 15.4 36.34 2.51 0.566
CT_Anthesis°C 2245 18 38.56 1.84 0.520
CT_Grain fillingeC 25.56 18.2 39.67 2.39 0.444
CT_MaturityeC 31.67 19.1 39.56 1.77 0.214
Plant height (cm) 98 55 168 21.20 0.190
Grain yield (g/m?) 288.17 15.5 1182 115.25 1.000

Summary statistics is average of all four datasets under different environment and locations

Each of these convolutional operations is called a “kernel”
or a “filter” and is somewhat equivalent to a “neuron” in a
multi-layer perceptron. An activation function is applied
after each convolution to produce the output. Finally, an
operation called “pooling” is usually applied to smooth
out the result. It consists of merging the kernel outputs of
different successive positions by taking the mean, maximum,
or minimum of all values of those positions. One of the main
advantages of convolutional networks is their capability to
reduce the number of parameters to be estimated. These
networks also have sparse interactions and are equivariant
to translations.

In this study, the deep neural network model of CNN
is used for predicting wheat yield based on NDVI, CT and
plant height. It is shown in Figure 1. The input layers of this
model are NDVI, CT and PH for five growing stages of wheat.
Four convolutional layers and one max-pooling layer are set
based on expert knowledge and other hyper-parameters are
set according to the results of ABC optimization algorithm
in Section 3. To prevent overfitting of the training data a
dropout layer is added to the network architecture. All input
data need to be normalized before being fed into the model
and, finally, back normalized for output. The ratio of training
data to test datais set to 8:2, where 80% is training data and
20% is test data.

Artificial bee colony optimization of CNN hyper-
parameters

The process of building CNN network models involves the
determination of many hyper-parameters, such as network
depth, learning rate, batch size, and so on. The most
intuitive way is to find the optimal parameters by manual
trial and error, but the manual trial and error method is
too inefficient. It lacks a certain exploration process, and
the parameters can only be adjusted manually repeatedly

CNN for crop yield prediction at the field level

Non-sequential data
Spectral indices

/" Grain
 yield

Dense

Conv 1D
Conv 1D
Macx pooling 1D
Conv 1D

Feature extraction

Thermal info

St info
J
[ |

Fig. 1. 1D convolutional neural network for crop yield prediction

for different problems and data. It takes a lot of time, and
the final combination of model hyper-parameters may not
be optimal, which will affect the prediction of the model,
including the degree of network fit and the generalization
ability to the test set. Artificial bee colony (ABC) is an
optimization algorithm based on honeybees’ foraging
behavior. Introduced by Dervis Karaboga in 2005, ABC
iteratively explores solution spaces, balancing exploration,
and exploitation. It's applicable in optimization problems
like function optimization and hyper-parameter tuning in
ML due to its simplicity and effectiveness in finding global
optimal solutions. The main optimized hyper-parameters
and the range of values are shown in Table 3.

The number of filters (Depth) defines the depth or
number of channels in each convolutional layer. More filters
enable the network to learn diverse and hierarchical features,
enhancing its representational capacity but increasing
computational cost. Filter size (Kernel Size) determines the
receptive field size of filters. Larger filters capture broader
features, while smaller filters focus on finer details. It directly
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affects the network’s ability to detect different levels of
features in the input data. Epoch indicates the number
of iterations of the data set during model training. If the
number of iterations is set too large, the training time of the
model is longer, resulting in overfitting of the model, over-
reliance on training data, and poor prediction of unknown
data, which makes the generalization ability of the model
lower. If the number of iterations is set too small, it will make
the model fit poorly and affect the prediction accuracy of
the model. The size of the mini-batch to use for each training
iteration is indicated, specified as the comma-separated pair
consisting of ‘Minibatch Size’ and a positive integer. A mini-
batch is a subset of the training set that is used to evaluate
the gradient of the loss function and update the weights. If
the number of iterations is set too large, the training time of
the model is long, causing the model to be overfitted and
overly dependent on the training data. The prediction ability
of the unknown data is poor, thus making the generalization
ability of the model lower. If the number of iterations is set
too small, it will make the model not fit well and affect the
prediction accuracy of the model.

The initial learning rate, q, is a relatively important
hyperparameter in the CNN model. When the learning rate
is too large, it will cause the parameters to be optimized
to fluctuate around the minimum value, thus skipping the
optimal solution. When the learning rate is set too small, it
will affect the convergence speed of the model, resultingina
slow convergence rate. In this paper, ais set to 0.01 based on
the empirical value. Dropout means that, during the training
process of the model, the network units, are temporarily
dropped from the network according to a certain probability.
This hyperparameter plays a crucial role in preventing model
overfitting and improving the generalization ability of the
model. The key hyperparameters searched in this paper are
data batch size, number of iterations, discard factor, and
number of filters in the convolutional layer. The remaining
hyperparameters are based on experience, the optimizer is
selected as “adam”, Learn rate schedule is set to “piecewise”,
and the root mean square error is selected as the target loss
function.

The optimization of the CNN model hyperparameters
using the artificial bee colony algorithm is an eight-step
process as follows (Fig. 3, the implementation of the whole
process is done in Python):

Step 1: The input data is normalized before being
fed into the model, and then the dataset is divided into
training, validation, and testing sets, where the training
set is used to train the CNN model and optimize its
parameters, the validation set is used to evaluate and fine-
tune hyperparameters during optimization, and the testing
set is reserved for the final stage to assess the model’s
generalization performance on unseen data.

Step 2: The CNN hyperparameters to be optimized and
therange are set;arandom set of initialized hyperparameters

Table 3. CNN parameter setting and range

Hyperparameters Parameter space (CNN)  Encoding type
Number of filters [2-128] Integer

Filter size [2-20] Integer
Pooling MaxPooling 1D

Dropout rate [0.1-0.7] Continuous
Epochs [100-800] Integer
MiniBatch size [8-20] Integer
Learning rate 0.01

Objective function ~ RMSE

as the initial hyperparameters of the CNN model are
generated. The training set is input for the training of the
CNN. The RMSE is used as the objective function for the
hyperparameters optimization of the CNN model.

Step 3: Employed bees explore the neighborhood of
their current solutions by modifying hyperparameters.
It generates a new solution by slightly adjusting one or
more hyperparameters while ensuring they remain within
predefined bounds.

Step 4: Onlooker bees evaluate solutions based on
their RMSE values on the validation set. Bees with lower
RMSE attract more onlooker bees, who then explore similar
regions of the search space.

Step 5: Scout Bees Phase introduces randomness
by replacing solutions that have not improved for a
certain number of iterations. It explores entirely new
hyperparameter configurations.

Step 6: Repeat the employed, onlooker, and scout bee
phases for multiple iterations. Allow the algorithm to explore
and exploit the search space, aiming to converge towards
optimal or near-optimal hyperparameters.

Step 7: The maximum number of iterations (40) is
completed and the minimum objective function and the
corresponding trained CNN model hyper-parameters are
returned.

Step 8: The testing set, which has remained unseen
during training and validation, is now fed into the final
trained model to construct a CNN wheat yield prediction
model based on the ABC algorithm.

The general framework of this study is shown in Figure 3.
Based on the indicators required for wheat yield calculation,
the influence of different input variables on wheat yield
prediction was analyzed on the ABC-CNN model. Then the
performance of other popular optimization algorithms i.e.,
GA and PSO optimized CNN for wheat yield prediction was
compared; finally, the robustness of ABC-CNN is explored.
All models used were run in a Python environment.

Model performance evaluation
In this study, the coefficient of determination (&2), root
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mean square error (RMSE), and mean absolute percentage
error (MAPE) were used as indicators to assess the model
performance. The equations are written as follows:

w2 | Zalo — 9Ge-7) r
V2o, (or — 62 (- — 32

n
1
RMSE = ;Z (op_y:)?
t=1

n

1

MAPE = —Z
n

i=1

Where, n is the number of samples, and ¥; and 0; are the
measured and predicted values of winter wheat yield,
respectively. R is a measure of the strength of the linear
relationship between the predicted and measured values
of the model, with larger R? indicating that the measured
and predicted values have similar trends. RMSE is used to
assess the deviation between measured and predicted
values. MAPE measures error as a percentage of actual values
that deviate from predicted ones. The smaller the value,
the smaller the deviation is between the measured and
predicted values of the model; the higher R?, the smaller
RMSE and MAPE values are and the better the model.

Yt — Ot

Yt

=100

Results and discussion

The proposed model is implemented in Python using the
TensorFlow open-source software library. For comparative
analysis, we also implemented genetic algorithm (GA)
and particle swarm optimization (PSO) as benchmark
optimization methods. In the Artificial Bee Colony (ABC)
algorithm, the number of employed bees and onlooker bees
is set to 10 each, and the number of iterations is fixed at 40.
For the genetic algorithm (GA), the population size (NP) is
set to 10, the maximum number of generations (Gmax) is
10, the crossover probability (CR) is 0.3, and the mutation

‘ Min max normalization ‘

‘ Wheat yield records H ABC-CNN ‘ —

¥

‘ Model evaluation based on RMSE, R%, MAPE ‘

Comparison with other
GA and PSO - CNN Satisfy no of iteration

es

Minimum objective function

yes

—{ Optimal hyperparameter combinations ‘

Fig. 3. A research framework of the ABC-CNN model for wheat yield
prediction

rate (MR) is 0.15. For the particle swarm optimization
(PSO) algorithm, the number of particles is set to 10, with
parameter values defined as ¢; = 2, c, = 2, and inertia weight
(w) = 0.7, while the number of iterations is 10. The number
of function evaluations in the ABC algorithm is twice per
iteration (once in the employed bee phase and once in the
onlooker bee phase). However, in the standard GA and PSO
implementations, function evaluations occur only once per
iteration. To ensure a fair comparison, we modified the GA
and PSO algorithms to perform two function evaluations
per iteration, aligning them with the ABC method.

Table 4 compares the performance of the three models
on the basis of time efficiency, “time” and the accuracy,
RMSE, of the model after tuning the hyperparameters. These
results suggest that our proposed approach outperformed
the other models to varying extents. The weak performance
of PSO is mainly due to its susceptibility to local optima
trapping within complex and high-dimensional search
spaces, hindering adequate exploration. GA outperformed
PSO since it has the ability to explore diverse solutions
within complex search space, leveraging mechanisms like
crossover and mutation to introduce variations among
solutions. ABC outperformed the other two with minimum
RMSE (68.87 g/plot) and maximum R?(0.91). ABC showcases
efficiency in tuning hyperparameters due to its simple
implementation, and effective balance between exploring
diverse hyperparameter configurations and exploiting
promising ones. Its ability to navigate the hyperparameters
space efficiently and robustly avoids local optima, making it
a versatile choice across different models and architectures.
The hyperparameters optimization was performed for all
three models across four datasets, and the best combination
was selected for training. The optimized hyperparameters
for the Delhi irrigated dataset are illustrated in Table 4.

The best estimates of wheat yield obtained from different
optimized CNN models are compared with corresponding
observed values using scatterplots (Fig. 4). As expected
from the comparable R? and RMSE values, the distribution
pattern of predicted versus the observed grain yield of
different optimization method is very similar. Furthermore,
the amount of overfitting for wheat yield prediction using
ABC-CNN is much less compared to other optimization
methods. Figure 4, suggests that the proposed model is
more effective in utilizing information and less prone to
local optima. We plotted the probability density functions
of the ground truth yield and the predicted yield by the
ABC-CNN model to see if the proposed model can preserve
the distributional properties of the ground truth yield. As
shown in Fig. 5, the ABC-CNN model can approximately
preserve the distributional properties of the ground truth
yield. However, the variance of the predicted yield is less
than the variance of the ground truth yield, which indicates
the ABC-CNN model’s prediction is more centralized around
the mean.
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Table 4. Results of optimized CNN hyperparameters on the Delhi

irrigated dataset

Model ABC-CNN GA-CNN PSO-CNN
Number of filters 7 9 12
Filter size 2 3 2
Epochs 350 150 410
Minibatch 15 13 9
Tim/min 867 1001 1098
RMSE (g/plot) 68.87 88.97 91.47
R? 0.91 0.86 0.77
MAPE (%) 121.78 143.87 167.43
PSO-CNN
w| R2=10.77

Predictions

o C
True Values

GA-CNN

-4

R® - 0.86

0o

Predictions.

200

200

E

@
True Values

ABC-CNN
R?=10.91

Predictions

0 1000

@0
True Values

Fig. 4. Scatterplots of the observed yield and predicted yield

Generalization power of ABC-CNN model

To examine the power of the model, we trained the ABC
— CNN model on four different datasets which includes
grain yield data using 3350 germplasm of wheat planted
in two growing environments (irrigated and rainfed) as
well as two different locations (Delhi and Pune). Table 5
shows the performance of the proposed model for wheat
yield predictions at different environments. As shown in
Table 5, the prediction accuracy of the ABC-CNN model
emphasizes the significance of achieving consistent and
high performance across untested datasets. A model’s
consistent performance across diverse datasets indicates
its robustness against data variations, noises, and biases.
It demonstrates effective generalization, adaptability, and
accuracy in real-world scenarios, reducing concerns about
overfitting and ensuring reliability with new, unseen data.
Fig. 6 represents a comparison of R> and RMSE values for
different plant traits (NDVI, CT and Plant Height) on the Delhi
irrigated dataset. NDVI exhibits the highest &? followed by
CT, and plant height, suggesting that the predictive model
performs best for NDVI and least effectively for plant height.
A lower RMSE corresponds to better model accuracy. While
NDVI and CT have moderate RMSE values, Plant height
exhibits the highest, indicating substantial prediction
error. The results highlight that the model performs well
for NDVI and CT, whereas the prediction of plant height
remains a challenge, requiring further model optimization
or additional explanatory variables.

Important comparison between input variables
To compare the importance of NDVI, CT and plant height
individually in the yield prediction, we employed the
ABC-CNN model to capture the linear and nonlinear effects
of individual components. Fig. 6 shows the yield prediction
performance of the ABC-CNN model with three different
input variables. We found that yield estimates using NDVI
(R2=0.77, RMSE = 75.67 g/m?) alone are more accurate than
those using CT (R?=0.56, RMSE = 98.06 g/m?) alone. Because
NDVI helps track the density and health of the developing
plants, ensuring they progress uniformly and detecting
stress factors that might hinder growth or yield potential
(Nuarsa et al. 2011).

This study proposed the ABC-CNN model for wheat yield
prediction using NDVI, CT, and plant height, outperforming

Table 5. Performance of ABC-CNN model on different validation
dataset

Datasets RMSE R? MAPE

Delhi irrigated 68.87 0.91 121.78
Delhi rainfed 69.76 0.89 128.71
Pune irrigated 70.23 0.87 136.98
Pune rainfed 68.90 0.88 130.05




February, 2025]Wheat yield prediction through artificial bee colony-enhanced convolutional neural network 85

DelhiTrrigated
Mean: 312.89

DelhiTrrigated
Mean: 33043
Standard deviation: 115.56 0006

00035

0008
00030
Standard deviation: 98.25
00028
Z 00020 g
& & ooos
00015

00010

0002

00008

00000

0000
0 200 400 €00 800 1000 100 200 300 400 500
o o

Delhi Rainfed
Mean: 212,03

000s0 Delhi Rainfed 0010
0003 ean: 272.03
00030 0008 { Standard deviation: 90.25
Stindard deviation: 98.46
00025

00020
00015
00010

0.0005

00000
0 100 200 300 40 500 600 700 0 50 100 150 200 250 300 350 400
o PY

00030 Pune Irrigated 0005 { Pune Itrigated
Mean: 384.46 Mean: 382.05

tandard deviation: 159.9

00025

Standard deviation:150.85
00020

Density

§ oo01s
g
00010

00005

0.0000

0 200 00 00 0 1000 T =200 ] 200 400 00
o Y

0005 Punc Rainfed 0006 { Pune Rainfed

Mean: 163.097 0007 { Mean: 154097

tandard deviation: 84.10 0006 { Standard deviation: 82(14
0005

0004

Density

0003

0002

0001

0000
0 -100 0 100 200 00 400
o P

Fig. 5. Probability density function of observed grain yield and
predicted yieldby ABC-CNN model

08
L120
0.7
0E 100
05 L a0
u
] A
g 04 B0 =
[= o
03
Lo
02
01 L 20
0.0 0

NDVI CT Plant height

Fig. 6. Yield prediction performance of ABC-CNN for individual input
variable of Delhi irrigated dataset

GA-CNN and PSO-CNN in accuracy. NDVI had the most
significant impact on yield prediction, making it a crucial
trait for large-scale phenotyping. Future work will explore
parameter sensitivity and develop a package or web
interface for ABC-optimized CNN in crop yield prediction.
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