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Abstract: Corn (Zea mays L.) silage yield monitor data offer crucial insights into spatial and temporal
yield variability. However, equipment’s sensor malfunctioning can result in data loss, and yield
sensor systems are expensive to purchase and maintain. In this study, we analyzed corn silage
yield data from two fields and three years each for two dairy farms (Farm A and B). We aimed to
explore the potential of integrating high-resolution satellite data, topography, and climate data with
machine learning models to estimate missing yield data for a field or a year. Our objectives were to
identify key yield-explaining features and assess the accuracy of different machine learning models
in estimating silage yield. Results showed that the features differed among farms with a Two-Band
Enhanced Vegetation Index, EVI2 (Farm A), and elevation (Farm B) emerging as the most prominent
predictors. Ensemble-based models like XGBoost, Random Forest, and Extra Tree regressors exhibited
superior predictive performance. However, XGBoost performed poorly when applied to unseen
fields or years, whereas Extra Tree regressor, followed closely by Random Forest, emerged as a
more reliable model for predicting missing data. Despite achieving reasonable accuracy, the best
performance for estimating data for a missing field (6.46 Mg/ha) and year (5.51 Mg/ha) fell short of
the acceptable error threshold of 4.9 Mg/ha currently used in state policy to evaluate if a management
change resulted in a yield increase. These findings emphasize the need for higher-resolution data
and extended years of yield records to better capture the trends in farm-scale yield applications.

Keywords: corn yield; feature selection; machine learning; remote sensing; yield estimation

1. Introduction

Accurate determination of corn (Zea mays L.) silage yield is important in New York’s
agricultural landscape, given its status as a dairy state. Corn silage is the primary feed
source for dairy cattle, directly influencing milk production. Therefore, it is crucial for
ensuring a steady supply of feedstock for sustainable production. The number of farms
that harvest with forage yield monitor systems capable of recording spatial yield points at
one-second intervals during harvest has grown over the past 15 years [1]. With accurate
yield maps, farmers can better target crop management inputs such as seed and fertilizer.
Previous studies have leveraged yield monitor data to analyze yield trends, identifying
spatial and temporal patterns to delineate areas with high, low, and variable yields within
fields [2-4]. These data have also been crucial for setting field-specific yield goals and
adaptive nitrogen management, where precise yield measurement is a key component for
setting and evaluating crop nitrogen application rates [5].

Despite important technology advances, yield monitor data may not always provide
accurate measurements stemming from factors such as sensor calibration errors and equip-
ment malfunctioning, creating a risk of loss of important information for not just one field
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but likely for more fields on a farm [6]. As harvest cannot be undone, this causes a loss of
valuable information across the farm in a given year. Inaccurate or missing field data can
lead to resource misallocation, disruption in feed planning, inefficient farm management,
and gaps in long-term yield insights. In addition, post-processing of raw yield data is essen-
tial to rectify sensor delays and ensure accurate calibration [7], and this is a time-consuming
step. Research is needed to evaluate other approaches that can be used to estimate missing
field data.

Recent studies have showcased the potential benefit of topography, climate variables,
and raw bands, as well as soil and vegetation indices derived from remote sensing data,
for estimating corn yield [8-10]. Topography influences spatial variation as it can regulate
water drainage and retention across the landscape. Various topographic variables, such as
elevation, slope, landform, topographic wetness, and topographic position index, can be
used to evaluate the impact of topography on yield. A study employing high-resolution
drone imagery (0.3 m) to estimate corn yield and soil properties discovered that among the
seven topographic factors examined, elevation exhibited a significant correlation with raw
bands like green and blue, as well as soil indices such as the redness index (RI), indicating
the potential for elevation data for accurately explaining and estimating spatial variability
of soil properties and yield [11]. Furthermore, a field-scale study estimating corn yield
using PlanetScope satellite data (3 m) demonstrated substantial accuracy by integrating
topographic wetness index, topographic position index, and raw spectral bands within a
stacked ensemble model [9].

Climate variables also play a crucial role in corn yield prediction in rainfed agriculture,
due to their direct and indirect impacts on crop growth and yield. A study estimating corn
and soybean yield based on Moderate Resolution Imaging Spectroradiometer (MODIS)
data (232 m) showed that the inclusion of weather-related variables along with remote
sensing data improved the accuracy of the model for data collected from rainfed areas [12].
Similarly, another study spanning twelve states within the US Corn Belt using the MODIS
(500 m) dataset showcased enhanced corn yield estimation and enabled uncertainty anal-
ysis by integrating key climate variables such as temperature, precipitation, and vapor
pressure [13]. Actual spectral reflectance or raw bands from remote sensing images provide
valuable information by themselves. A comparison study used spectral reflectance from
four satellite platforms (3-30 m) and found that the higher spatial resolution captured
most of the within-field variability of corn and soybean yield, where raw spectral bands
such as green, red-edge, and near-infrared were the most significant in explaining the
variability [14].

Vegetation indices (VIs) have been introduced using raw reflectance bands for moni-
toring crop growth, health, and yield. Some of the prominent VIs for corn yield estimation
are the Normalized Difference Vegetation Index (NDVI), Green NDVI (GNDVI), Green
Chlorophyll Vegetation Index (GCVI), Simple Ratio (SR), and the Enhanced Vegetation
Index (EVI). For several decades, NDVI has been used as an important VI for estimation
and early season prediction of corn yield. Recent studies with satellite and drone imagery
have shown the rise of GCVI and GNDVI in explaining corn growth [15-19], given their
sensitivity to chlorophyll content and vegetation greenness, both of which are closely
related to biomass accumulation.

In addition to the use of indices for monitoring vegetation growth, soil indices can
be used to monitor soil physical and chemical properties of importance for agricultural
management and land use planning. Several soil indices such as hue, saturation, and
brightness, among others, have been used for corn yield prediction [11,13,20].

The interplay between soil, climate, and topographical information is crucial for
accurately estimating yield. However, traditional statistical models may struggle with the
high-dimensional and non-linear nature of the data. In contrast, machine learning (ML)
algorithms have demonstrated promising performance in yield estimation and prediction,
particularly in handling complex data within intricate agricultural systems. Decision tree-
based models have recently gained popularity due to their predictive capabilities with crop
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yield. A study on corn grain yield estimation, which examined seven ML regression models
using 33 vegetation indices extracted from multispectral UAV imagery, concluded that
Random Forest outperformed other models, especially when trained with all VIs and the
top three VIs [21]. Similarly, another study comparing various statistical and ML methods
for estimating soybean (Glycine max (L.) Merr) and corn yield based on soil and topographic
characteristics using high-resolution field-scale data found that Random Forest was the
most effective in estimating corn grain yield, while multiple linear regression was the least
effective [22]. While ML has been increasingly applied to estimate corn yield, most studies
have concentrated on corn grain yield. Unlike grain yield, corn silage involves the harvest
of the entire plant biomass. Remote sensing may be a more suitable method for silage yield
predictions as it directly captures the total biomass visible to satellite platforms, while corn
grain yields can only be partially assessed through remote sensing of vegetative growth
stages. Given the challenges associated with the accuracy and reliability of harvester-
mounted yield monitor systems, this study seeks to investigate satellite platforms as a
viable alternative for on-farm corn silage yield estimation. Our unique focus is on building
ML models by integrating high-resolution satellite imagery with topographic and climate
data for individual fields and years and evaluating their accuracy for estimating corn silage
yield for two practical scenarios: (1) a year in which yield data were lost for a nearby field
(missing field); and (2) a field for which we have a year of data but additional years are
missing (missing year).

The specific objectives of this study are the following: (i) identify important features to
explain corn silage yield; (ii) evaluate and select the most effective ML model for accurately
estimating corn silage yields; (iii) assess the effectiveness of the ML model developed using
nearby fields” data to predict the missing field’s yield for the same year (farm-wise fit);
and (iv) evaluate the ML model’s performance, built using data from multiple years, for
predicting a missing year’s yield for the same field (year-wise fit).

2. Materials and Methods
2.1. Experimental Fields

This study utilized data from four commercial corn fields of two dairy farms in
northern New York (Table 1). These farms were selected based on the availability of yield
monitor data and a minimum of three consecutive years of data to ensure reliability in data
analysis and examine trends over time.

Table 1. Distribution of yield data from silage fields within Farms A and B.

Year Farm Field Area (ha) Yield (Mg/ha)
Min Max Mean Q1 Q2 Q3

1 A Al 45.6 27.20 79.49 52.90 48.01 53.27 58.23
A2 30.4 8.43 78.14 45.82 38.01 48.96 55.27

B Bl 65.8 28.50 91.77 52.13 47.67 51.11 55.58

B2 41.8 42.89 96.21 67.04 63.75 67.7 71.17

2 A Al 45.6 32.67 86.17 60.43 55.91 60.84 65.26
A2 30.4 19.50 78.4 49.12 43.98 50.16 55.57

B Bl 65.8 28.91 87.64 60.19 57.15 60.2 63.48

B2 41.8 30.35 94.66 63.93 60.43 64.11 67.69

3 A Al 45.6 7.16 82.05 47.00 40.37 49.18 54.63
A2 30.4 5.93 70.47 36.98 24.70 39.10 49.20

B Bl 65.8 24.10 76.46 53.94 50.48 53.77 57.40

B2 41.8 40.34 93.17 61.17 57.96 61.23 64.48

Q1—first quartile (25th percentile); Q2—second quartile (50th percentile); and Q3—third quartile (75th percentile).

Each farm supplied data for two nearby silage fields for three years. The size of the
fields ranged from 30.4 to 65.8 ha. Within each farm, one of the fields (designated Al
and B1) was 1.5 times larger than the other (designated A2 and B2). Despite some minor
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variations, similar patterns in yield were noted across both farms and fields. While the
distribution of yield fluctuated from year to year, no consistent trend in yield between the
fields was evident, as observed in New York silage fields [3]. The average annual rainfall
for Farm A ranges between 12 and 25 mm, and for Farm B between 9 and 17 mm. Neither
farm used irrigation, consistent with the way corn is grown in New York. The average
daily temperature was 19-20 °C at Farm A and 16-18 °C at Farm B. Elevations for Farm A
spanned 75 to 80 m above mean sea level, while Farm B ranged from 92 to 102 m. The soil
type for Farm A consisted of silty clay loam, whereas Farm B had loamy fine sand.

2.2. Data Collection
2.2.1. Yield Monitor Dataset for Ground-Truth

Yield data were acquired from the forage choppers fitted with yield monitor systems.
The raw yield monitor data were calibrated and processed for sensor delays [7]. The cleaned
yield data were rasterized using the Matern kriging approach, selected for its reliability and
minimal error among other spatial interpolation techniques [23]. Kriging was employed
for the smoothness of the estimates of yield across the entire field by estimating values at
the points where yield monitor data was not available. The resulting kriged data (2 X 2 m
pixel size) served as ground-truth data.

2.2.2. Satellite Imagery

Satellite imagery from the PlanetScope constellation (Dove satellite) was acquired
through PlanetLabs PBC using a research and education license [24]. The data was ac-
cessed and downloaded through the PlanetExplorer plugin in QGIS (version 3.4.11). The
plugin facilitated the specification of search parameters such as cloud cover percentage and
date range. Cloud cover was restricted to <15%, and the search period was defined from
planting to harvest. The resulting satellite images consisted of four spectral bands: blue
(455-515 nm), green (500-590 nm), red (590-670 nm), and near-infrared (NIR, 780-860 nm).
Each image had a resolution of 3.125 m/pixel. Over the course of each year and field,
15-20 satellite images were downloaded during the search period (April-October). The
NDVI was calculated using the red and NIR bands to determine the peak canopy period,
which was chosen as it reflects the time of maximum vegetation cover, typically correspond-
ing to potential yield. Subsequently, three peak canopy dates, which could vary by year
due to climatic changes or growing conditions, were selected for further analysis, including
feature selection and machine learning model building. In addition to the peak canopy
images, bare soil images of the fields were also collected by changing the search period to
one or two days prior to planting.

2.2.3. Climate Data

Spatial climate data from NASA POWER were accessed from the website http://
power.larc.nasa.gov/ (accessed on 22 June 2023) and provided detailed information about
various climate parameters across different geographical locations. These datasets typically
include information such as temperature, precipitation, humidity, solar radiation, and wind
speed, among others, at daily frequency. NASA POWER collects and processes data from
multiple sources, such as satellite observations, weather stations, and climate models, and
provides these datasets at a coarse resolution (~50 km). The spatial climate data source
allows access to historical data as well as real-time and forecast data depending on the
availability. In this study, 14 spatial climate datasets sourced from NASA POWER were
incorporated as additional data layers to test and enhance the estimation of corn yield. Due
to the coarser resolution, within-field weather variability was not captured. Rather, each
weather variable represented a single daily average observation at the three peak canopy
dates for each field.
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2.2.4. Topographic Information

Elevation and landform topographic data were extracted from the digital elevation
map (DEM). The DEM for each field was acquired from the New York State Geographic
Information System Service (https://gis.ny.gov/ (accessed on 22 June 2023)). Elevation
information was directly obtained from the DEM images at a spatial resolution of 1 m/pixel.
The same DEM images were utilized to derive landform information, although they were
resampled to a 5 m pixel resolution, which was deemed suitable for characterizing land-
forms in vegetated landscapes [25]. The landform analysis involved the calculation of the
topographic position index (TPI), which compares the elevation of a specific location to that
of its neighboring cells within a defined window or pixel (5 m). Subsequently, each pixel
was categorized into either of the six classes: valley, lower slope, middle slope, upper slope,
flat area, and ridge [26]. Landform was the only categorical variable used in this study.

2.3. Data Extraction

A custom Python (version 3.9) program pipeline was employed for data extraction. The
spatial resolution of the collected data layers varied: kriged yield monitor data (2 x 2 m),
remote sensing data encompassing surface reflectance bands, Vls, and soil indices (3 x 3 m),
topographic information including elevation (1 x 1 m) and landform (5 x 5 m), and climate
variables. To standardize the resolution across all layers, the kriged yield data served as
a reference layer. This involved converting the kriged yield data into a vector layer of a
2 x 2 mvector grid. Subsequently, all other raster layers were resampled and superimposed
on this vector grid for value extraction. Zonal statistics were applied to each grid cell to
compute average values within a 2 m vector grid for continuous variables, including
spectral indices, elevation, and climate variables. For the landform layer, which had a
resolution of 5 X 5 m and was categorical, point sampling was conducted for each 2 X 2 m
grid cell to extract the corresponding landform category values. This approach provided
an accurate and standardized dataset for subsequent model development and analysis.

2.3.1. Surface Reflectance Bands

The reflectance bands alone can serve as good indicators of crop yield. Therefore,
the reflectance bands of the satellite image, including red, green, blue, and NIR, were
incorporated to investigate their potential correlation with yield.

2.3.2. Soil Indices

Soil indices were derived from the bare soil imagery captured before planting. Five
specific soil indices were chosen based on their capacity to serve as proxies for soil quality
and characteristics [27]. These indices represent the visual reflectance of the soil, with
brightness indicating the degree of lightness or darkness, potentially reflecting soil moisture
and organic matter content. The brightness index (BI) measures the global reflectance of
the soil surface capturing the brightness and intensity by calculating Euclidean distance in
the spectral space that helps distinguish soil types. The saturation index (SI) measures the
intensity and vividness of soil color and offers insights into soil texture. The hue index (HI)
delineates the predominant color tones present in the soil, providing information about
soil composition. Additionally, the coloration index (CI) combines brightness, saturation,
and hue, providing a comprehensive understanding of soil properties and their effect on
corn silage yield. Lastly, the redness index (RI) emphasizes the redness in the soil which
can be indicative of iron oxide concentration that could impact soil fertility. Each soil index
was derived as follows:

: )

__ Red — Blue
" Red + Blue

Bl — \/ Red? + Green? + Blue?
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2.3.3. Vegetation Indices

Seven VIs were computed from the extracted surface reflectance bands based on their
effectiveness in estimating crop yield. The NDVI [28]) is the most widely used VI. Others
included were the GNDVI [29], the Two-Band Enhanced Vegetation Index (EVI2, [30]),
GCVI [31], and SR [32], all of which incorporate NIR and visible bands. Indices like the
Excess Green Index (ExG, [33]) and the Triangular Greenness Index (TGI, [34]), which only
utilize visible band wavelengths, were also included.

NIR — Red
NDVI = NIR + Red ©)
NIR — Green
GNDVI = NIR + Green @
25 x (NIR —Red)
EVR2= QiR 2.4 % (Red +1) ®)
NIR
SR=— 9
Red ®)
NIR
Gev Green (19)
ExG = 2 x Green — Red — Blue (11)
TGI = Green — 0.39 x Red — 0.61 x Blue (12)

2.4. Data Processing

The data extracted from various layers in the satellite imagery underwent data clean-
ing, involving the identification of valid data points and removal of missing values. This
process was based on three criteria: missing values, replacing values, and consistency in
pixels across years. The missing values were particularly noticed at the field edges. The
yield grid was at 2 x 2 resolution, while all the other layers were at a lower resolution,
except the DEM layer. Overlaying the 2-m grid over these layers resulted in missing values
at the field edges as the pixels were misaligned. These values were removed using the
‘dropna()’ function. Landform was the sole categorical variable among all the features.
To address the dimensionality issue that this generates, and to capture the relationship
between the category and the target variable (corn silage yield in this context), the cate-
gorical landform data were converted into a numeric format using the target encoding
method, also known as mean encoding or likelihood encoding [35]. For each category in
the landform, the average value of corn silage yield was calculated, and each category was
then replaced with its corresponding average corn silage yield value.

2.5. Data Analysis and Modeling

The Google Colab platform was used for feature selection and training ML models
due to its capability to fulfill the demand for hardware and Graphic Processing Unit
(GPU) resources. RAPIDS, built on top of NVIDIA’s Compute Unified Device Architecture
(CUDA) platform, offers a parallel computing framework for GPU acceleration, facilitating
significantly faster processing of large datasets compared to traditional Central Processing
Unit (CPU)-based approaches. Datasets were uploaded to Google Drive, and the outputs
were stored there as well, simplifying access from within Google Colab. Feature selection
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and ML model building were performed on the larger fields (A1, B1) incorporating data
from all three years within a farm. The smaller fields (A2 and B2, unseen data) were utilized
to validate the developed models.

2.5.1. Feature Selection

In this study, the features from all the data layers resulted in a total of 32 features.
Building ML models with all the features would be computationally inefficient. Therefore,
we used Recursive Feature Elimination to identify and select the top 10 important features.
RFE is a wrapper-based algorithm that utilizes the Random Forest model (ML) to identify
the optimal features. In Python, the RFE feature selection process was conducted using the
‘rfe()” function within the RFE class from ‘sk.feature_selection” module. Initially, all features
were utilized, and the RFE method iteratively eliminated the feature with the lowest Root
Mean Square Error (RMSE) calculated from the out-of-bag (OOB) data. Subsequently, a
new Random Forest model was developed using the remaining features. This process was
iteratively applied using 10-fold cross-validation (repeated 5 times) to refine the variable
selection process and identify the most crucial features. At each iteration, the Random
Forest model with the selected subset of features yielding the lowest RMSE was considered
optimal. However, the feature rankings were updated if another model with a different
subset of features resulted in a lower RMSE. Through this iterative process, RFE determined
the best subset of features that minimized the RMSE value. Feature selection was performed
individually for data pertaining to three peak canopy dates in a year, and the rankings
were aggregated to obtain an overall ranking for that particular year. Following that, the
top ten features were selected for training the ML models.

2.5.2. Model Selection and Training

The new dataset contained only the top ten features identified as important according
to the RFE results. Subsequently, this filtered dataset was partitioned into training and
testing sets, with 80% for training and 20% for testing. The training data was utilized
to develop ML models. PyCaret, a Python library, was employed to explore various ML
regression models [36]. PyCaret integrates with RAPIDS to leverage GPU acceleration,
significantly boosting computational efficiency for ML models. It simplifies regression
tasks by automating workflows such as cross-validation and model interpretation while
offering a range of performance metrics (e.g., MAE, RMSE, R-squared) and visualizations
for easy comparison of different models.

The ML models were ranked based on their performance metrics, and among the
20 models tested, the top three models were selected to construct individual models. The
selected models were trained using the data from the larger fields (Al and B1) across all
three years from Farms A and B and were used for hyperparameter tuning.

2.6. Model Performance Assessment
2.6.1. Hyperparameter Tuning

The top three ML models were subjected to hyperparameter tuning. The randomized
search method was employed for efficient and high-dimensional parameter search as
opposed to a conventional grid search, which can be exhaustive because it searches from all
possible combinations. By evaluating a subset of parameter combinations, the randomized
search is effective in finding good hyperparameter settings in less time [37].

2.6.2. Performance Metrics

The performance of the top three models was assessed using a 10-fold cross-validation
technique, repeated 5 times. The evaluation was based on two commonly used regres-
sion performance metrics: RMSE and MAE). The RMSE quantifies the average deviation
between predicted and actual values, considering the magnitude of errors. Conversely,
MAE calculates the average absolute deviation between predicted and actual values. In
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general, MAE is less influenced by outliers than RMSE, offering a more robust measure of
the average prediction error.

1 n
RMSE = HZ(Yi - 5’1)2 (13)
i=1
n

Ylyi — 9l (14)

MAE = 1
n=

where n = total number of observations, y, is the actual yield, . is the estimated yield.

2.6.3. Validation of the Developed Model

Farm-level fitting (“Farm-wise fit”) involved assessing whether missing yield monitor
data can be substituted using a model trained on a nearby field. Specifically, the model trained
using data from fields A1 and B1 were utilized to estimate yield values for nearby fields A2
and B2 across each year. All three hyper-tuned models were employed for this estimation task.
The field and year yielding the lowest RMSE, indicating more accurate estimation, was then
selected for visualizing the estimated yield map in comparison to the actual yield map.

Year-level fitting (“Year-wise fit”) aimed to determine if missing yield monitor data for
a specific year within a field could be estimated accurately using a model developed from
other years. To achieve this, all the three models were trained using data from one year
in fields A1 and B1 and validated with the remaining two years. Subsequently, the best-
performing year and field combination was identified and visually depicted and compared
to both actual and estimated yields for the trained year and remaining two validation years.

3. Results
3.1. Feature Selection Outcomes

Some of the common features that appeared across all years in both farms included
elevation, NIR, B, SI, and CI. However, in Farm A, across all years, elevation and EVI2
consistently emerged as an important feature (top 5) indicating the robustness of the
prediction power of EVI2 across all seasons (Figure 1). At Farm B, elevation was the
most important feature across all three years, while EVI2 was not among the top features
(Figure 1). Farm A’s importance ranking was consistent across all years, which means the
same features appeared as important but in a different order. Results for Farm B displayed
more variability with the soil indices and NIR fluctuating in importance across different
years. Climate variables were considered significant for Farm B solely in year 1 and did
not exhibit the same level of importance in subsequent years or on any other farm. These
findings highlight the importance of farm-specific and year-specific model development.

3.2. Model Comparison Using PyCaret

Among the 20 regression models tested, ensemble-based decision tree models, Extra
Trees, Random Forest, and XGBoost emerged as the top-performing models with Extra Tree
at the top (RMSE = 2.80 Mg/ha) followed by Random Forest (RMSE = 3.13 Mg/ha) and
XGBoost (RMSE = 3.58 Mg/ha) (Figure 2).

All three models can handle nonlinear relationships, making them suitable for agri-
culture applications. On the other hand, models such as Bayesian Ridge, Least Angle, and
Passive-Aggressive exhibited subpar performance for the data (RMSE 3.91 to 42.03 Mg/ha).

3.3. Hyperparameter Tuning Results

The resulting hyperparameter values for XGBoost values demonstrated consistency
across all years and farms, with parameters set to a learning rate of 0.3, 200 estimators, maxi-
mum depth of 9, subsample of 0.9, and colsample_bytree of 0.9. Additionally, other parameters
such as objective, booster, device, gamma, missing, and n_jobs were determined, ensuring
uniform model configuration across tuning. The RMSE was employed as the evaluation
metric, with ‘gpu_hist” utilized as the tree method for efficient GPU-accelerated computation.
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Figure 1. Feature selection ranking across three years for Farm A (field A1) and Farm B (field B1).
NIR—near infrared, GCVI—Green Chlorophyll Vegetation Index, NDVI—Normalized Difference
Vegetation Index, EVI2—Two-Band Enhanced Vegetation Index, TGI—Triangular Greenness Index,
Cum.Precip.—cumulative precipitation, Cum.GDD—cumulative growing degree days, Exgod—
excess green, GNDVI—green NDVI.
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Figure 2. Performance comparison of various machine learning (ML) regression models in predicting
corn silage yield using data from larger fields Al and B1 including all three years of data within
Farms A and B.

The hyperparameter tuning results for Random Forest models and Extra Trees revealed
consistent configurations across different years and farms, indicating a uniform approach
to model training. For Random Forest models, these were trained with bootstrap enabled,
no cost complexity pruning (ccp_alpha), and the squared error criterion. The models
were constrained to a maximum depth of 9, considered a maximum of 10 features for
splitting, and required a minimum of 2 samples per leaf and 5 samples per split. Typically,
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300 estimators were used, except for year 3 in Farm B, which utilized 200 estimators. These
models did not use OOB samples and did not implement warm starting.

Similarly, the Extra Trees models were configured with bootstrap enabled, ccp_alpha,
and used the squared error criterion for evaluation. These models also had a maximum
depth of 9 and considered up to 10 features for splitting. Additionally, they required a
minimum of one sample per leaf and five samples per split, with no weight fraction for
leaf samples. These settings were consistently applied to 200 estimators and executed in
parallel using all available CPUs, further highlighting the consistency in the approach to
hyperparameter tuning across various conditions and datasets.

3.4. Selected Model Performance

After hyperparameter tuning, across both farms and all years, XGBoost generally
performed better in terms of RMSE and MAE compared to Random Forest and Extra Trees
(Figure 2). The RMSE of Farm A was, on average, 1.4 times the RMSE of Farm B. The
prediction performance of all models was lower with higher RMSE values in year 3 for
Farm A and the prediction performance in Farm B was lower for year 1 compared to other
years. The RMSE for the testing ranged between 3.52 and 9.32 Mg/ha while the MAE
ranged between 2.57 and 7.17 Mg/ha (Figure 3).
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Figure 3. Heatmap comparison of ensemble model performance across three years for fields A1l and
B1 using (a) Root Mean Square Error (RMSE), and (b) Mean Absolute Error (MAE).
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3.5. Validation of the Best Models
3.5.1. Farm-Wise Fit

In general, models trained on the same field and tested on the same field had better
predictive performance (Figure 4). However, poor prediction performance was obtained for
validation using an unseen field. Also, the variation of RMSE values varies across different
years, based on the RMSE values the performance of models in year 2 decreased by 55 and
48% compared to year 1 and year 3, respectively. Similar to model prediction results, Farm
B had better validation results than Farm A. Even though prediction results show that XG-
Boost was a better model, it was the least-performing model during validation. Extra Tree
regressor emerged as the best followed by the Random Forest model. The best validation
result was observed for Farm B, year 2 using the Extra Tree regressor to build the model
from field B1 (RMSE = 3.77 Mg/ha) and validate using field B2 (RMSE = 6.46 Mg/ha).

Farm A Farm B
20
B2 g
B2 )
10 A2 A2 A2 ee !
0.
% 20 .
= ()
o A2 A2 A2 2
@ 101 B2 B2 B2 |
0-
20+ A2 A2
&
A1 =
10+ A1l A1l B2 B2 B2 )
0_ T T T T T T
Extra Trees Random Forest XGBoost Extra Trees Random Forest XGBoost

|:| Train . Validate

Figure 4. Comparison of Root Mean Square Error (RMSE) between training and testing fields
predicting actual yield (Mg/ha) for Farms A and B over three years using three selected machine
learning models for farm-wise fit.

Yield maps from the model trained on the same field closely represented the actual
data (compare Figure 5a,b). However, the yield map generated for the unseen field, using
the predicted data from the best model, significantly underestimated the actual yield values
(compare Figure 5¢,d).

3.5.2. Year-Wise Fit

Similar to farm-wise prediction results, generally models trained using one year of
data and tested using the same year had lower RMSE values indicating better prediction
(Figure 6). In general, the model performed better in predicting the prior years and had
lower performance in predicting the future. As observed with the earlier results, the model
for Farm B had better prediction performance than the model for Farm A, emphasizing the
importance of farm-specific models. Although XGBoost performed better when predicting
within the same year, it performed worse when predicting validation data from unseen
years. The Extra Tree regressor again emerged as the best model in both farms across all
years. The consistency in performance for Extra Tree regression suggests that the model
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may be robust across different seasons and conditions. The highest validation results were
achieved for Farm B year 1 using the Extra Tree regressor model, where the prediction
of unseen data resulted in an RSME of 5.51 Mg/ha for year 2 and 7.88 Mg/ha for year 3

(Figure 6).
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Figure 5. Farm-wise validation—for year 2, trained field B1 model validated by estimating the unseen
yield in neighboring field B2. (a,c) show actual yield values while (b) is estimated yield of the trained
field and (d) shows estimated yield of the unseen validated field.
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Figure 6. Comparison of Root Mean Square Error (RMSE) between training year and validating
unseen years (2 years) for estimating silage yield (Mg/ha) for Farms A and B using three different
machine learning models for year-wise fit.




Remote Sens. 2024, 16, 4081

13 of 17

Yield maps generated from the model developed and tested in the same year were
most representative of the actual yield maps (compare Figure 7a,b). The yield map for
year 2 generated from the model developed using year 1, captured the high-yielding spots
(>60 Mg/ha) better than other classes (compare Figure 7c,d). The year 3 yield map showed
that the low-yielding spots (<50 Mg/ha) were predicting better than the other classes
(compare Figure 7e,f).

| ActualYield | | Estimated Yield |

| (uten) z ey |

| (e1epnEn) | es) |

4
Yield (Mg/ha)

W <50

[ 50-55

[ 55-60
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" RMSE=7.88Mg/ha @ e

| (e3epnEN) € JERL |

Figure 7. Year-wise validation—trained model with field B1 in year 2 and validated by predicting
unseen field Bl in year 1 and year 3. (a,c,e) show actual yield values while (b,d,f) show estimated
yield values.

4. Discussion
4.1. Feature Selection Implications

The consistent emergence of EVI2 across all years in Farm A reveals its reliability in
capturing variation in crop health and productivity across years. This consistency sug-
gests the potential of EVI2 to serve as a good indicator for monitoring crop performance
in Farm A. Earlier studies have also reported the importance of EVI2 in predicting crop
yield [19,38,39]. In contrast, Farm B’s results indicate that elevation plays a more signifi-
cant role, reflecting the impact of topographical factors on yield prediction. Interestingly,
elevation also ranked high in Farm A, demonstrating its robustness across different farms.
Previous studies show that elevation and other topographical features are crucial in in-
creasing the spatial accuracy of yield prediction [9,40]. Unlike EVI2, which needs to be
collected multiple times within a season, elevation is stable over time and can be gathered
once for ongoing use. This makes elevation a more practical and cost-effective feature for
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yield prediction, especially when considering long-term applications. Variability observed
in feature importance ranking particularly in Farm B, shows complex interactions between
environmental variables and crop productivity highlighting the importance of a tailored
approach that is farm-specific.

The consistent appearance of both NIR and elevation across all years in both farms
underscores their importance as robust predictors of corn silage yield across diverse agri-
cultural contexts. While climate variables play a crucial role in monitoring crop health,
their diminished importance could be their limited relevance for farm-scale applications
due to insufficient spatial variability, resulting in their absence as a prominent feature.
These findings emphasize the importance of integrating farm-specific knowledge and
temporally sensitive analyses to enhance the effectiveness of actual silage yield prediction
for agricultural management practices.

4.2. Selection and Comparison of Models

The ensemble-based models such as XGBoost, Random Forest, and the Extra Tree
regressor outperformed the other regression and ML algorithms for predicting corn silage
yield. Earlier studies [41-43] have also reported good performance of the ensemble-based
models for yield predictions and other agricultural applications. Lower-performing models
such as Bayesian Ridge, Least Angle, and Passive-Aggressive tend to rely on linear or
simplistic algorithms. These models might struggle with capturing complex relationships
and patterns in the data, leading to higher prediction errors.

When the developed models were tested using the same field or year the prediction
using XGBoost was the better performing among the three. However, when the same
trained XGBoost model was validated with an unseen field or year it tended to perform
poorly. This could reflect overtraining of the model, where XGBoost exhibits high variance,
leading to strong performance on the training dataset but failing to generalize well to
unseen data. From the results, it is evident that the Extra Tree regressor was a good
tradeoff between bias and variance that led to better performance during the validation
step. Validation results tested using the unseen data (year and field) showed that Extra
Trees, closely followed by Random Forest, emerged as better models. Earlier studies have
shown that Extra Tree regressors as competitive models for validation [44,45].

4.3. Yield Prediction Potential for Missing Field

The notable decrease in prediction performance when applying models developed
using one field to unseen nearby fields, highlights the limitations of generalizing models
across different field environments. Farm B outperformed Farm A by predicting missing
fields across all years highlighting the necessity for farm-based prediction approaches
due to varying conditions and agricultural management practices. The best performance
showed an RMSE of 6.46 Mg/ha, which exceeds the 4.94 Mg/ha currently used to decide
if an increase in nitrogen fertilizer is warranted under state adaptive management policy
in New York [5]. This emphasizes that the models cannot be generalized and highlights
the critical need for farm-specific prediction approaches tailored to the unique conditions
and management practices of each farm. By focusing on farm-based models, farmers can
achieve more accurate yield predictions, leading to better-informed decisions regarding
resource allocation, such as nitrogen fertilization.

4.4. Yield Prediction Potential for the Missing Year

Models trained and tested within the same year consistently exhibited better predictive
accuracy, aligning with farm-wise prediction results. In this study, models generally
perform better in validating prior years compared to future years, highlighting the temporal
dynamics influencing prediction performance. The best validation showed an RMSE of
5.51 Mg/ha, indicating that missing data from previous years can be estimated, allowing
for a more comprehensive analysis of historical yield patterns. However, as this study
used only three years of data, expanding the dataset to include more years would provide
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a deeper understanding of these patterns. Additionally, incorporating yield data from
upcoming years into the training process can enhance the accuracy of predictive models.
Similar to farm-wise, year-wise underscored Farm B’s superior predictive performance
over Farm A, highlighting the need for farm-specific approaches. These insights can then
be leveraged to optimize future management practices.

5. Conclusions

This study underscores the importance of leveraging advanced machine-learning
techniques and farm-specific data for accurate corn silage yield prediction and evaluating
model performance across fields and years. The consistent emergence of EVI2 as a reliable
indicator of crop health and productivity in Farm A suggests its potential for effective
monitoring of crop performance across diverse seasons. Additionally, Farm B’s reliance
on elevation as the most influential feature highlights the significance of topographical
factors in yield estimation. These findings indicate the necessity for tailored, farm-specific
modeling approaches. The robust appearance of NIR and elevation across both farms and
all years further emphasizes their importance as consistent predictors of corn silage yield,
despite variations in environmental conditions. Ensemble-based models such as XGBoost,
Random Forest, and Extra Tree regressors demonstrated superior predictive performance
compared to other regression and machine learning algorithms, particularly when tested
within the same field or year. However, when applied to unseen fields or years, XGBoost
performed poorly, suggesting potential overfitting issues. In contrast, the Extra Tree
regressor and Random Forest emerge as more reliable models for predicting missing data,
underscoring the importance of considering model robustness and generalizability. While
satellite data are effective for large-scale agricultural applications, our findings indicate
limitations in capturing within-field and field to field variability, even with PlanetScope’s
highest resolution (3 m) imagery available for research. This highlights the need for finer
resolution data, such as drone imagery, which offers greater granularity for more accurate
yield estimation and better captures in-field variability in farm-scale applications and
on-farm research.

Overall, our study emphasizes the importance of integrating farm-specific knowledge
and temporally sensitive analyses to enhance the effectiveness of corn silage yield prediction
models for informed agricultural management practices. Furthermore, this research draws
on interdisciplinary knowledge from fields such as remote sensing technology, machine
learning, and topography, highlighting the importance of collaborative efforts across these
domains to achieve sustainable agricultural productivity.
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