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ABSTRACT

Agricultural big data and high-performance computing have significantly improved crop yield modeling. Maize
growth dynamics and yield prediction are crucial for sustainable agriculture. This study introduces an advanced
modeling approach utilizing Gradient Boosted Decision Trees (GBDT) combined with a feature selection strategy
to predict maize biomass production. A dataset of 200 unique maize plants was observed throughout the
vegetation season. Our approach integrates manual measurements, meteorological data, and vegetation indices
along with Internet of Things (IoT) field sensors to perform spatio-temporal analysis. Results indicate that maize
stalk thickness and height are the most reliable predictors of biomass yield, while environmental variables show
minimal impact. The most effective model, period-dependent GBDT, demonstrated superior predictive perfor-
mance, achieving an average error of 4.39 mm in plant growth predictions. Notably, stalk thickness and height
can be estimated six weeks before harvest, while biomass yield two weeks before harvest. This research un-
derscores the potential of machine learning and remote sensing to enhance precision agriculture decision-making.
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1. INTRODUCTION

Maize is one of the world’s most significant crops, used for a wide range of purposes including
food, fodder, and the production of ethanol (Ranum et al., 2014). The Internet of Things (IoT)
has significant implications for agriculture and sustainable crop production, including the ability
to anticipate and prepare for potential disturbances that may happen in remote locations, such
as insect pest invasions and monitoring soil nutrients, water dynamics, and pest management.
Other advantages of utilizing IoT technology in agricultural systems include the ability to predict
yield, conserve energy and money, and construct indoor vertical farming systems by utilizing
information from an established IoT station (Ali et al., 2023). The Internet of Things (IoT) has
the potential to become a key enabler for realizing the vision of smart agriculture (Sinha et al.,
2019). Artificial Intelligence (AI) provides the framework and tools to go beyond trivial real-
time decision and automation use cases for IoT (Harmani et al., 2022). New sensor networks
have transformed parameter measurement from a time-consuming, costly procedure to an
efficient “Big Data” gathering process, recording soil type, chemical and physical conditions,
and moisture content—all of which are important predictors of crop yield quality. Throughout
the growth season, these sensors use low-power gadgets to continuously monitor soil, crops, and
environmental data. Crop yield prediction using soil, environmental, and crop parameters is
critical for global, regional, and field-level agricultural decision-making. Precision agriculture
optimizes yields, quality, and environmental impact by combining sensing, management, and
variable rate technology. Cumulative field effects are depicted in simulation models. Using
IoT databases, Al, and big data precision technologies allows for accurate yield estimates and
in-depth research, which is critical for agricultural developments and environmental evaluation
(Alahmad et al., 2023; Ny¢ki et al., 2020; Zelendk et al., 2022). Sensing has led to the adoption
of technology in precision agriculture, and it also enables improved efficiency in agricultural
production and practices (Viscarra Rossel and Bouma, 2016; Vuran et al., 2018).

Precision crop yield modeling relies significantly on remote sensing. Satellite remote sensing
has been considered one of the most effective technologies for monitoring crop growth condi-
tions and predicting yields in recent decades (Wang et al, 2019). Crop growth monitoring
models that integrate various growth-related indicators give significant and precise crop growth
and vyield predictions (Ines et al., 2013; Xie et al.,, 2017). Khan et al. (2023), in their study,
compared machine learning models for county-level maize production prediction and evaluated
the potential of in-season yield estimation in their study. Nine models for maize production
prediction were tested using remote sensing data from Google Earth Engine spanning 15 years,
with partial least square regression (PLSR) outperforming the others. Support vector regression
(SVR) performed best for in-season predictions, with an R* of 0.875. The findings indicate that
machine learning models based on remote sensing data may accurately estimate both in-season
and end-of-season maize yields, providing insights crucial to food security and climate change
decision-making.

Sentinel sensors’ red and near-infrared spectral bands are frequently used to construct the
normalized difference vegetation index (NDVI), which is a reliable tool for crop yield prediction
and defining the geographical and temporal aspects of plant vigor and crop biomass production.
Crop growth monitoring utilizing sensor-based and IoT technology enables growth-related
vegetation time monitoring as well as more accurate crop growth and production predictions
(Ren et al., 2008). In the absence of spatial data on the distribution of key model inputs such as
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crop cultivars and management (e.g., irrigation, planting, fertilization, tillage, weed control),
researchers frequently make broad assumptions across large geographic regions that may or may
not reflect individual producer decision-making in the context of economic opportunities and
policy incentives (Folberth et al., 2019).

Yield prediction in precision, site-specific crop production is nowadays an essential research
field, as it has an equally important point of reference for farm management during planning,
agrotechnological intervention, and preharvest processes (Nyéki et al., 2013). Farm and in-situ
observations, together with existing databases provide the opportunity to not only predict yields
using “simpler” statistical methods or decision support systems that are already used as an
extension, but they also enable the potential for Machine Learning (ML) to be used. In contrast
to process-based methodologies, machine learning models utilize a data-driven approach to
approximate the complicated link between input (genotype and environment) and output (crop
yield) without depending on incomplete and occasionally inaccurate human knowledge of
agricultural science. Several machine learning methods, including multiple linear regression
(Ramesh and Vardhan, 2015), partial least squares regression (Foster et al., 2017), random forest
regression (Jeong et al., 2016; Sakamoto, 2020), convolutional neural networks (Sun et al., 2019),
and deep neural networks (Bhojani and Bhatt, 2020; Khaki and Wang, 2019; Wang et al., 2020),
have been successfully implemented to yield remarkable prediction accuracy. ML techniques can
provide more accurate predictions with big datasets compared to crop growth simulation
models. The Gradient Boosting Decision Tree (GBDT) is a learning method that combines
multiple decision trees to generate a prediction model in gradient boosting (Friedman, 2001),
but its application in maize growth modeling is less used. Wei et al. (2019) used the GBDT
regression that expresses the nonlinear relationship between soil moisture (from in situ
measurements) and satellite-based soil moisture indices. The gradient boosting machine
(GBM) is a very effective state-of-the-art ML method (Chen and Guestrin, 2016; Friedman,
2001). XGBoost has been used to determine rice yields using weather data, cultivation data, and
location information (Maeda et al., 2018).

Understanding how phenotypes are determined by genotype, environment, and their
interactions is still one of biology’s challenging tasks. Extensive research has been conducted
on the relationship between genetics, weather, soil, and management variables and crop yield
(Agnolucci et al., 2020; Elahi et al., 2022; Khaki et al., 2020; Lesk et al., 2021; MacCarthy et al.,
2017; Verdn et al., 2015).

Chang et al. (2023) describes a new crop model that combines process-based and data-driven
approaches for predicting maize yield in the US Corn Belt. It obtains 7.16% relative error in
estimating 2020 yields using data from 1981 to 2020, providing explainable results. It detects
genotype-environment interactions and assists farmers in improving seed selection for increased
yields, which is critical for food security in the face of climate change. Tracking daily biomass
accumulation during the maize growing season could be a key factor and can be used to estimate
the final grain yield.

Abimbola et al. (2022) used in-situ data from several maize farming treatments to calibrate
and validate the Hybrid-Maize crop model. Using sensors in North Platte, NE, researchers
observed hourly and daily weather and crop statistics from 2019 to 2020. Sensitivity analysis
was used to identify key parameters affecting yield, which were then adjusted using a unique
approach. Calibration revealed strong relationships between the water received and the
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parameters, significantly improving yield forecasts. This calibrated model has the potential to
improve crop management decision-making tools.

The primary objective of this study is to develop the machine learning framework for maize
yield prediction by:

- Validating the performance of GBDT models in maize biomass predicting.

- Integrating multi-source data (field sensors, meteorological data, Sentinel imagery) to enhance
predictive accuracy.

- Assessing the relative importance of environmental and morphological factors in maize
growth modeling.

- Optimizing early biomass prediction, allowing for informed agronomic interventions before
harvest.

Combining IoT sensor data with remote sensing vegetation indices, this study seeks to
address key limitations of conventional crop predicting models and contribute to the develop-
ment of data-driven decision support systems for precision agriculture.

2. MATERIALS AND METHODS

2.1. Study area and maize plant measurements

The study area encompassed Mosonmagyarévar, Hungary. Field experiments were conducted
on a 6-ha experimental field (Fig. 1) belonging to Széchenyi Istvin University, Hungary
[N47°54/20.00”; E17°15'10.00"]. The region experiences a continental climate, with an average
annual precipitation of 600 mm. The field features flat terrain, fertile alluvial soil, and favorable
natural conditions for planting maize (from mid-April to mid-October) and other field crops
such as winter wheat, summer barley, soybeans, etc. The main growing stages for maize in

17.270 17.270 17.270
47.893 47.893

47.892 47.892

47.892 47.892

17.270 17.270 17.270

Fig. 1. Location of experimental plot and the maize field with installed sensor station (2019, maize crop)
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Hungary are the seeding stage (mid-April to early May), the jointing stage (from mid-May to
early June), the heading stage (from late June to late July), the milking stage (from late July to
mid-August), and the mature stage (from mid-September to early October). Field data were
collected from July to September 2019 every two weeks (July 4 and 18; August 1, 15, and 30; and
September 13) from sampling plots measuring 30 X 30 m to spatially approximate the resolution
of Sentinel images. In each plot, 20 maize plants were selected along the rows (10 per row) to
measure the plant heights and straw. In total, measurements for 200 maize plants of one hybrid
were acquired. Stem thickness was measured using a digital caliper (precision +0.01 mm), and
plant height was measured using a measuring tape (precision +1 cm) from the soil surface to the
apex of the plant. Each measurement was performed manually and repeated twice to ensure
consistency.

2.2. Satellite observations

To monitor the growth stages of maize, we utilized images from Sentinel satellites, downloaded
via Sentinel Hub, using Bottom-of-Atmoshpere (BOA) reflectance values. We selected images
with less than 5% cloud cover and those acquired close to the dates of maize plant measure-
ments. The satellite images of acceptable quality used in this study were primarily from June to
September.

2.3. Sensor data

Among the 35 meteorological features observed, which remained constant across treatment
units, we utilized five key types for each month from April to October, aligning with the maize
vegetation season. These included the sum of precipitation, average temperature, average relative
humidity, rate of vaporization, and the aridity index. Monthly averages were calculated based on
a daily database that recorded these five parameters every month. The meteorological station of
the university, located 0.4 km from the observed field, provided the data.

2.4. Machine learning models/statistical methods

Gradient Boosted Trees (GBT), Logistic Regression and Random Forest models were applied in
this study. The value of each trait was saved and processed to find out the relationship with
respect to maize yield. With machine learning, we used different approaches for yield-based
binary classification and to find the relationship between yield and variables: Mean Absolute
Error (MAE), ROC-AUC scores to evaluate classification performance (biomass above and
below 236 g), and feature importance analysis to determine the most influential parameters,
variables.

3. RESULTS

3.1. Manual maize plant measurements

The results showed that the mean yield (cob and grain) is 217.32 g (Fig. 2), with a standard
deviation of 42.36 g, indicating a moderate level of variability in yield across the dataset (Table 1).
The range from the minimum (60.53 g) to the maximum (326.91g) yield also highlights

Unauthenticated | Downloaded 09/23/26 12:14 PM UTC



160 Progress in Agricultural Engineering Sciences 21 (2025) 1, 155-167

Histogram of weight

12 -
o 10 4
2
£
g 87
*
-
13
3 1
a
£
z 41
2 .
o R
S0 100 150 200 250 300
Maize weight (g)
Fig. 2. Histogram of maize weight frequencies (gr)
Table 1. Statistical summary of maize harvest data
Mean std Min 25th percentile =~ Median  75th percentile Max
Number 100.50 57.88 1.00 50.75 100.50 150.25 200.00
Yield (g) 217.32 42.36 60.53 196.25 220.22 243.06 32691
Cob weight (g) 34.81 722 15.95 30.30 34.65 39.38 56.00
Grain yield (g) 177.03 47.38 0.00 160.79 184.04 204.46 27091
Length (cm) 17.46 1.79 11.00 16.3250 17.600 18.80 21.00

significant differences in performance. The average weight of a cob is 34.81 g. The relatively low
standard deviation of 7.22 g compared to its mean value suggests that the cob weights are fairly
consistent across the dataset. With a mean of 177.03 g and a standard deviation of 47.38 g, the
grain yield shows a higher level of variability than cob weight. This suggests that factors
influencing grain yield might be more varied or less controlled compared to those affecting
cob weight. The length and diameter of the cobs show less variability (standard deviations of
1.79 and 14.94, respectively) compared to yield metrics. The length has a mean of 17.45 with
a tight range (11.00-21.00), indicating consistency in cob size. The maximum value in the
diameter column (231.90 mm) is notably high compared to the rest of the data. This could
be an outlier or a data entry error, as it significantly deviates from the mean diameter of
25.70 mm.

3.2. Modeling results

The GBDT (Gradient Boosted Decision Trees) model demonstrated high performance accuracy.
Specifically, the goodness-of-fit for our best model was notably higher when considering free
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cover. This study focused on examining the accuracy of predicting the final maize biomass
weight, using measurements of length and stem thickness. The following sections describe the
data set processing in detail.

The biomass yield measurements indicated that neither the moisture data nor the Sentinel
satellite data significantly influenced the final maize biomass prediction. The ROC AUC value
reached up to 0.779 when changes in thickness and length were combined, provided that the
measurements were taken close to the time of final yield determination. The yield’s goodness-of-
fit was categorized into two groups—above and below 236 g—reflecting the weight distribution.
In these instances, variations in soil and satellite measurements did not influence the outcomes,
hence showing no predictive effect. The redundancy of the statement on biomass yield mea-
surements and predictive effects of moisture and Sentinel data has been removed for clarity.
The Sentinel and soil moisture data exhibited extremely low standard deviation values, suggest-
ing their limited utility, and underscoring the need for additional measurements within the
studied period. The most effective model was the period-dependent Gradient Boosted Trees
(GBT) or Logistic Regression, which was trained with a quasi-diagonal Hessian. Furthermore,
the polynomial kernel-based maximum edge did not significantly underperform compared to
the best model.

The relationship between stem thickness and length was analyzed both during the vegetation
season and at harvest time. The Gradient Boosted Trees (GBT) models exhibited superior
performance, with an average error of 4.39 and 4.4 mm, respectively. These models effectively
captured the growth pattern (length-thickness growth) predominantly from the seasonal mea-
surements. While environmental factors were considered, their predictive influence was found to
be minimal. Notably, the inclusion of environmental attributes led to a significant decrease
in the maximum error observed. This finding prompted further investigation into the impact
of in-season environmental variable changes on the models. The analysis of the measurements
and database indicated that the variance within individual zones is non-Markovian, and these
zonal characteristics are crucial in determining yield and growth. It is feasible to predict maize
plant yield, stem thickness, and length early in the growing season. Specifically, the length and
thickness of maize plants can be estimated accurately one and a half months before harvest,
while the yield (biomass) can be predicted half a month prior to harvest.

3.3. Maize stem diameter and steam length prediction

In our study, we meticulously examined the performance of various machine learning models in
predicting maize stem diameter, an essential factor in biomass yield prediction. The dataset
(Table 2.) comprises observations on maize stem diameter, evaluated through multiple regres-
sion models to ascertain the most accurate predictor within the context of precision agriculture.
The dataset encapsulates several regression models, including Linear Regression, Automatic
Relevance Determination (ARD), and Huber regression, each assessed on their efficacy in
predicting stem diameter based on a set number of measurements. Key performance metrics,
such as Mean Absolute Error (MAE), Minimum Absolute Error (minAE), Maximum Absolute
Error (maxAE), and the Standard Deviation of Absolute Error (stdAE), are meticulously
recorded to gauge the models’ predictive accuracy and reliability. For instance, the Linear
Regression model, when applied to two measurements of stem diameter, exhibited a mean
absolute error of approximately 5.21 mm, with the minimum and maximum absolute errors
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Table 2. Performance metrics of regression models for maize stem diameter prediction

Measurements MAE minAE maxAE stdAE
Stem diameter (mm) 2 LinearReg 5.206 0.300 22.361 4.270
2 ARD 5.249 0.028 22.978 4.251
2 Huber 8.465 0.168 97.796 13.466
2 PA 8.384 0.008 56.067 8.279
2 Ada 4.996 0.148 24.364 4.373
2 RandomPForest 4.895 0.060 22.310 4.376
2 GBT 4.688 0.052 18.235 4.002
2 LightGBM 5.333 0.171 20.163 4.483
1 ARD 6.529 0.087 31412 5.979
1 RF 7.632 0.144 41.503 7.530
1 GBT_30_5 6.362 0.102 36.310 6.622
3 ARD 5.615 0.010 24.188 4.817
3 RF 5.498 0.040 23.110 4.719
3 GBT_30_7 5.443 0.050 26.451 5.420
4 ARD 5.249 0.028 22.978 4.251
4 RF 4.667 0.010 21.830 4.333
4 GBT_30_5 4.396 0.298 21.373 4.239
Maize length (cm) 2 LinearReg 6.419 0.282 30.440 5.552
2 ARD 6.270 0.018 30.084 5.654
2 Huber 6.004 0.046 28.477 5.407
2 PA 13.377 0.243 72.349 13.513
2 Ada 5.998 0.088 30.737 5.697
2 RandomForest 6.143 0.190 33.870 5.750
2 GBT 5.781 0.075 27.310 5.369
2 LightGBM 6.557 0.215 28.483 6.070
1 ARD 6.529 0.087 31412 5.979
1 RF 7.763 0.112 42.003 7.441
1 GBT_30_5 6.378 0.102 36.310 6.610
3 ARD 5.615 0.010 24.188 4.817
3 RF 5.470 0.070 23.920 4.872
3 GBT_30_7 5.302 0.027 26.455 5.571
4 ARD 5.249 0.028 22.978 4.251
4 RF 4.882 0.010 22.220 4.464
4 GBT_50_5 4.400 0.258 19.892 4.140

“Mae (Mean Absolute Error), minAE (Minimum Absolute Error), maxAE (maximum Absolute Error),
stdAE (standard deviation of absolute error), PA: Passive Aggressive Regressor, Ada: AdaBoost, ARD:
Automatic Relevance Determination, RF: Random Forest, GBT: Gradient Boosted Trees, LightGBM: Light
Gradient Boosting Machine.

being around 0.30 and 22.36 mm, respectively. This level of precision underscores the potential
of Linear Regression in modeling maize growth dynamics, although the maximum error margin
suggests room for improvement or the necessity for model refinement in specific scenarios.
Comparatively, the ARD model, under similar conditions, demonstrated a slightly higher mean
absolute error of about 5.25 mm but a notably lower minimum absolute error, suggesting its
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robustness in certain predictive instances. The Huber model, on the other hand, displayed a
significantly higher mean error, indicating a potential limitation in handling outliers or extreme
values in stem diameter predictions. These insights are pivotal for advancing our understanding
of maize growth dynamics. They underline the criticality of model selection and calibration in
predicting maize biomass production, a key determinant of yield in precision agriculture.
The integration of such predictive models with IoT sensor data presents a comprehensive
approach, enabling real-time monitoring and informed decision-making in crop management.

4. DISCUSSION

In the broader context of our research, these findings complement our advanced modeling
approach, which integrates manual measurements, meteorological data, and remote sensing
inputs to forecast maize yield. By correlating these results with our primary study, we demon-
strate the nuanced interplay between different data sources and modeling techniques in
enhancing the accuracy and applicability of yield prediction models in precision agriculture.

Our study employed various regression models, including Linear Regression, ARD, and
Huber, to predict maize stem diameter. Compared to other models evaluated in this research,
for instance, Linear Regression, ARD, and Huber achieved MAE values of 5.206 mm, 5.249 mm,
and 8.465 mm, respectively, the GBT model achieved the lowest MAE (4.396 mm), confirming
its robustness in capturing maize stem thickness. This result underscores the relative improve-
ment and precision offered by the GBT approach. The slight discrepancy in error rates
underscores the potential advantage of gradient boosting techniques over traditional regression
models in capturing the complex nonlinear relationships inherent in agricultural data.

The analysis indicates minimal predictive influence from environmental variables on stem
diameter, aligning with our broader research findings where environmental factors had a lesser
impact on yield prediction. This observation resonates with the literature, which suggests that
while environmental factors are crucial, the direct morphological measurements (like stem
thickness and length) tend to offer more immediate and impactful predictive insights for
biomass yield in maize.

The integration of IoT and remote sensing data is a cornerstone of our research, aiming to
enhance the precision of yield predictions. The literature supports this approach, emphasizing
the transformative potential of IoT in agriculture, particularly in facilitating real-time data
acquisition and enabling predictive analytics. For instance, studies have highlighted the use of
IoT for monitoring soil nutrients, water dynamics, and even pest management, which are in-
tegral to precision agriculture and crop yield optimization.

This dataset provides a comparative insight into the performance of various machine
learning models. Aligning with literature findings, where machine learning models, especially
those utilizing remote sensing data, have shown significant promise in in-season and end-of-
season yield predictions, our study further validates the application of these models in a
precision agriculture context. For example, Khan et al. (2023) demonstrated that support vector
regression performed best for in-season predictions with an R* of 0.875, suggesting that metic-
ulous model selection and validation are pivotal for accurate crop yield forecasting.

The convergence of machine learning models with advanced sensor technology represents a
significant leap forward in agricultural data analytics. Our findings, in conjunction with the
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literature, advocate for a multidimensional modeling approach that combines in-situ measure-
ments, remote sensing data, and machine learning for enhanced yield prediction accuracy.
Future research could explore the integration of different model types, including gradient
boosting and neural networks, to harness the strengths of each in capturing the complexities
of crop growth dynamics.

In summary, our study contributes to the evolving field of precision agriculture by providing
empirical insights into the efficacy of various regression models for maize stem diameter
prediction. By contextualizing our findings within the broader literature, we underscore
the importance of model selection, the integration of diverse data sources, and the ongoing
exploration of advanced computational methods to refine and enhance yield prediction models
in agriculture.

In this work, four periods were defined based on individual maize plant measurements. In
each case, the models were trained on the final biomass of yield measurements. In the first
period, only the measurements of July were considered, supplemented with Sentinel satellite
images and soil parameters for this period. The next periods were the end of July and
mid-August, mid-August, and the end of August. In all cases, the sets were randomly assigned
to the test and training dataset. In addition, the individual maize plant samples were tested to
improve the accuracy of the predictions. When the samples were randomly assigned to the
learning (training) or test set, the model performed better, and it was observed that there was no
significant improvement based on the neighboring predictions in every case. This result is
strongly related to a previous study (Nyéki et al., 2019), in which the location of management
zones based on predetermined patterns of soil can provide significant results for maize yield
prediction. The considerations support the previous experience that soil variables (and quality
within the field) are more determinant than other external factors, so the individual variance
(measurements) is not Markovian within the zone (field).

5. CONCLUSIONS

Yield prediction in precision agriculture is an active research topic that needs to understand the
mutual relationships within the crops site specifically. These relations govern the overall crop
growth and hence the biomass and grain yield. In this study, some of the machine learning
approaches were used to understand and model these relationships. Crop, soil and meteorolog-
ical variables and vegetation status are critical parameters and should be proposed as input traits
of an integrated crop model for yield prediction and forecast. In this study, GBDT models
outperformed other approaches, achieving an MAE of 4.39 mm for maize stalk thickness pre-
dictions. Vegetation indices (NDVI, EVI) showed low variance, indicating limited usefulness for
yield forecasting. Soil moisture and meteorological variables had minimal predictive impact,
reinforcing the dominance of morphological traits (stalk thickness, plant height) in biomass
modeling. Biomass yield could be accurately estimated two weeks before harvest, enabling early
intervention strategies for yield optimization.

Unlike previous studies that rely solely on satellite-based predictors (Ren et al., 2008; Wang
et al., 2019), this study demonstrates that integrating IoT-driven field sensor data significantly
enhances predictive accuracy. Furthermore, our feature importance analysis reveals that envi-
ronmental conditions, such as soil moisture and temperature, contribute less to yield prediction
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than morphological attributes. These findings challenge traditional assumptions and highlight
the need for a hybrid approach leveraging high-frequency, in-situ plant growth measurements.
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