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Abstract: Accurate and reliable crop yield prediction is essential for optimizing agricultural
management, resource allocation, and decision-making, while also supporting farmers
and stakeholders in adapting to climate change and increasing global demand. This study
introduces an innovative approach to crop yield prediction by incorporating spatially
lagged spectral data (SLSD) through the spatial-lagged machine learning (SLML) model,
an enhanced version of the spatial lag X (SLX) model. The research aims to show that
SLSD improves prediction compared to traditional vegetation index (VI)-based methods.
Conducted on a 19-hectare cornfield at the ARS Grassland, Soil, and Water Research
Laboratory during the 2023 growing season, this study used five-band multispectral image
data and 8581 yield measurements ranging from 1.69 to 15.86 Mg/Ha. Four predictor
sets were evaluated: Set 1 (spectral bands), Set 2 (spectral bands + neighborhood data),
Set 3 (spectral bands + VIs), and Set 4 (spectral bands + top VIs + neighborhood data).
These were evaluated using the SLX model and four decision-tree-based SLML models
(RE, XGB, ET, GBR), with performance assessed using R? and RMSE. Results showed that
incorporating spatial neighborhood data (Set 2) outperformed VI-based approaches (Set 3),
emphasizing the importance of spatial context. SLML models, particularly XGB, RF, and ET,
performed best with 4-8 neighbors, while excessive neighbors slightly reduced accuracy.
In Set 3, VIs improved predictions, but a smaller subset (10-15 indices) was sufficient
for optimal yield prediction. Set 4 showed slight gains over Sets 2 and 3, with XGB and
RF achieving the highest R? values. Key predictors included spatially lagged spectral
bands (e.g., Green_lag, NIR_lag, RedEdge_lag) and VIs (e.g., CREI, GCI, NCPI, ARI, CCCI),
highlighting the value of integrating neighborhood data for improved corn yield prediction.
This study underscores the importance of spatial context in corn yield prediction and
lays the foundation for future research across diverse agricultural settings, focusing on
optimizing neighborhood size, integrating spatial and spectral data, and refining spatial
dependencies through localized search algorithms.

Keywords: corn yield prediction; spatial-lagged machine learning model; spectral
neighborhood data; vegetation indices (VIs); spatial autocorrelation
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1. Introduction

As the primary grain crop in the United States, corn production significantly impacts
both local economies and global food supply chains [1]. Accurate yield estimation is there-
fore essential for efficient agricultural management, decision-making, resource allocation,
crop insurance, and policy planning [1]. Moreover, reliable yield forecasts are critical for
guiding decisions on harvesting, marketing, and resource management [2]. With growing
pressures of climate change and rising demand, reliable forecasting models are becoming in-
creasingly essential for guiding farmers and stakeholders in crop management and resource
allocation [3]. Enhanced prediction capabilities can further optimize planting practices,
improve pest and nutrient management, and increase agricultural productivity [3]. Thus,
advancing yield prediction methods is not only a scientific challenge but a critical need to
support the production agriculture sector in adapting to environmental changes.

The integration of machine learning (ML) into agricultural practices has transformed
traditional yield prediction methodologies. Unlike classical statistical models, which often
rely on linear assumptions, ML algorithms can capture complex, non-linear relationships
within high-dimensional data through automated transformations and large datasets [4,5].
Studies using these algorithms have used extensive datasets, including agronomic variables,
remote sensing spectral data (satellite and UAV imagery), and environmental factors, to
model crop yield responses more effectively [6]. In this context, crop yield prediction
with remote sensing data typically correlates spectral information from specific spatial
coordinates with corresponding yield values.

Previous studies have explored various spectral band transformations into vegetation
indices (VIs), ranging from simple to complex mathematical formulations [7,8]. However,
this approach, which often relies on VIs derived from reflectance data, has limitations, as
it primarily considers localized information and overlooks neighborhood spatial patterns
that may influence yield outcomes [9,10]. In response, spatial regression analysis has
increasingly highlighted the importance of spatial autocorrelation, where the dependent
variable at (x, y) is influenced not only by direct predictors at that point in (x, y) but also
by neighboring values (x £ i, y & i). Here, spatial metrics like Moran’s I index provide a
quantitative measure of autocorrelation, enhancing our understanding of spatial depen-
dencies among target variable values. This insight highlights the value of incorporating
neighborhood information into predictive models, illustrating the critical role of spatial
regression in capturing the interplay among spatial data points [11].

Spatial regression models have been widely used across various fields, including
mixed forest production [12], urbanization’s impact on air quality [13], and milk produc-
tion [14]. They have also been applied to predict flood frequencies [15], assess agricultural
impacts on property values [16], and analyze soil carbon stocks [17]. These diverse ap-
plications highlight the versatility of spatial regression in addressing complex, location-
dependent phenomena. In agriculture, spatial regression analysis has notably enhanced
crop yield predictions by integrating spatial data with agronomic variables. For instance,
spatially structured data have improved model performance in assessing weather and
climate impacts on yields [18], while accounting for spatial dependencies has yielded
more accurate crop yield estimates [19]. Furthermore, spatially varying coefficients have
enabled better predictions of temperature effects on yields [20]. Recent innovations include
using UAV spectral reflectance to analyze the spatial structure of wheat grain yield and
protein content [21], as well as applying Bayesian spatial regression models with satellite
imagery to predict soybean yields and evaluate computational efficiency [22]. These studies
highlight the growing importance of spatial regression in agricultural modeling.

The typical spatial regression approaches include the spatial autoregressive (SAR),
spatial error (SEM), and spatial lag of X (SLX) models, each treating spatial interactions
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differently [23,24]. The SAR model captures spatial dependence in the dependent variable,
assuming that outcomes in one location are influenced by outcomes in neighboring loca-
tions. The SEM, on the other hand, accounts for spatial dependence in the error terms,
attributing spatial autocorrelation to unobserved factors that vary spatially. The SLX model
includes spatially lagged predictors, allowing evaluation of how neighboring explanatory
variables influence the dependent variable. These models are often paired with spatial
weight matrices to define spatial relationships. While SAR and SEM models are effective,
they are less practical for predictive tasks where the dependent variable is unknown, such
as in predictions involving new or future data. In contrast, the SLX model, which does
not require spatially lagged dependent variables, is better suited for prediction, making it
ideal for forecasting at new locations [24]. By explicitly incorporating spatial dependencies,
these models improve prediction accuracy and offer valuable insights across fields like
agriculture, environmental science, and urban planning.

Despite the growing interest in incorporating spatial information into agricultural
models, there remains a significant gap in research focused on the integration of neighboring
spectral data within machine learning frameworks for crop yield prediction. Existing
studies predominantly concentrate on optimizing VIs [10,25], with little attention given to
spatially integrated methods that leverage the relationships between neighboring spectral
values. This study aims to address this gap by introducing a novel approach that integrates
spatial dependencies directly into machine learning models. Specifically, we propose the
spatially lagged machine learning (SLML) approach, which combines the power of spatially
lagged predictors with decision-tree-based algorithms to enhance the predictive accuracy
of corn yield models.

The SLML approach involves incorporating spatially lagged data—specifically, the
spectral values at neighboring coordinates—into machine learning models such as ran-
dom forest (RF), extreme gradient boosting (XGB), extra trees regressor (ET), and gradient
boosting regression (GBR). These decision-tree-based ensemble models were chosen for
their ability to capture complex, non-linear relationships within high-dimensional data
and their strong performance with moderate-sized datasets, which are common in agri-
cultural studies [4,26]. In addition, decision trees are highly interpretable, offering direct
insights into feature importance, which is crucial for evaluating how spatially lagged
spectral data improves yield predictions. This interpretability is a key advantage over
more complex models, such as neural networks or support vector machines, which re-
quire additional techniques for interpretation and often demand large datasets—typically
in the tens of thousands to millions of data points—to perform effectively due to their
complex architectures [27-29].

The spatial lag X (SLX) model and the proposed SLML model both incorporate spatial
dependencies, but they differ significantly in their ability to capture complex spatial pat-
terns. The SLX model, a linear approach, explicitly includes spatially lagged independent
variables but remains limited by its linear assumptions, which may overlook intricate
spatial interactions common in agricultural systems. In contrast, SLML models use ma-
chine learning algorithms to capture non-linear relationships and model complex spatial
dependencies that the linear SLX model cannot detect. This non-linearity allows SLML
models to identify and process spatial patterns more effectively, which is especially crucial
in agricultural settings, where spatial interactions can be highly complex and variable. The
flexibility of SLML models in handling these complex spatial relationships makes them
particularly valuable for applications like crop yield prediction, where the spatial structure
of the data plays a critical role in model accuracy.

By including neighborhood spectral data, this approach aims to capture broader spatial
interactions that are often overlooked in traditional models relying solely on point-specific
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data. The research hypothesizes that these extended spatial relationships will improve
predictive performance by better accounting for the spatial structure and autocorrelation
inherent in agricultural landscapes. To assess the effectiveness of the SLML approach, this
study compares its performance against conventional machine learning models that do not
include spatially lagged predictors, as well as models including raw spectral data + Vls,
and SLX models. By evaluating these approaches, this study seeks to determine whether
incorporating spatial neighborhood information significantly outperforms standard mod-
eling techniques in corn yield prediction. Ultimately, this research aims to contribute to
the field of agricultural prediction by demonstrating the potential benefits of integrating
spatially lagged data within machine learning frameworks, offering new avenues for more
accurate and reliable yield forecasts.

2. Methodology
2.1. Study Area

The research was conducted at the Texas A&M Agrilife Blackland Research and
Extension Center in Temple, Bell County, Texas (Figure 1). The study site encompassed
a 19.03 ha rainfed field, collaboratively managed by Texas A&M AgriLife’s Blackland
Research and Extension Center and the USDA-ARS Grassland, Soil, and Water Research
Laboratory in Temple, Texas (31.059444° N, 97.345833° W; 192 m elevation). Corn was
sown on 28 February 2023 and fertilized with 448 kg /ha of a 32.5N-16.2P-0K blend, which
was broadcasted prior to planting. No-till practices were employed, with a planting density
of 4.8 plants/m?. The corn was harvested on 14 August 2023. The topography features a
relatively flat landscape, with an 8 m difference in elevation between its highest and lowest
points. The predominant soil types are Houston Black clay (fine, thermic, smectitic, Udic
Haplusterts) and Austin clay (fine-silty, thermic, carbonatic, Udorthentic Haplustolls), both
characteristic of the Blackland Prairies region [30]. These soils are known for their high
fertility and strong moisture retention capacity, though they are also prone to compaction.
During the growing season, the field received a total of 389.4 mm of precipitation.
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Figure 1. Study area location.

Harvesting was conducted using a John Deere 9510 combine (Deere and Company,
Moline, IL, USA) fitted with an AglLeader corn yield monitor (AgLeader Technology Inc.,
Ames, IA, USA) to record yield data. The yield-monitor recorded data for six-row harvests
(16.9 m? per section) and logged GPS coordinates for the centroid of each harvested area
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Data Collection

using an integrated GPS recorder. To ensure measurement accuracy, pre-harvest and in-
field calibrations were conducted for load size, weighing, and GPS data. The raw yield
data were then processed using Yield Editor software Version 2.0.7 to correct for factors
such as speed and pass delays, overlaps, moisture variability, and outliers [31]. The refined
yield data, paired with their corresponding GPS coordinates, were used as ground truth for
model training and validation.

2.2. Data Collection and Processing

The corn imagery for this study was collected on 22 May, corresponding to Day 83
and the tasseling /silking (VT /R1) stage. A WingtraOne Genll fixed-wing UAV (Wingtra,
Zurich, Switzerland) equipped with a MicaSense RedEdge-P multispectral sensor (AgEagle
Aerial Systems, Seattle, WA, USA) was used for image acquisition. The sensor captured
five spectral bands: red (R), green (G), blue (B), red-edge (RE), and near-infrared (INIR)
(Figure 2a), each with a resolution of 1456 x 1088 pixels (1.6 MP), enabling detailed
monitoring of crop health. The UAV flew at an altitude of 60 m with 75% overlap for
both forward and sideways directions, ensuring high-quality data for analysis. The flight
was conducted autonomously using pre-defined mission routes, with the flight operations
being controlled through the WingtraHub 1.0 software (Wingtra, Zurich, Switzerland).

Modeling & Model Performance
Evaluation

Data Preprocessing and
Predictor Setup

(a) Predictor set setup (b) Clustering into six sub areas (e)
for training and testing
ﬁ Set1 Spectral bands only O
=
Aerial Imagery
Spectral bands +
i%%i%?&i%?i%? e spatially lagged bands
Reflectance Bands Set3 Spectral bands + Vis 1
Blue ’ Linear Regression/Machine (f)
Learnin
Sézen R Spectral bands + 5
Rededge Set4 spatially lagged bands+ %9
NIR Vis oe -
0,
{ 1

Corn harvesting

=
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Figure 2. Graphical abstract of the methodology: (a) Crop imagery collection, (b) Predictor set setup,
(c) Corn yield data collection, (d) Spectral and corn yield data aggregation, (e) Spatial clustering of
data into six subareas for training and testing, (f) Modeling, and (g) Model performance evaluation.

For accurate georeferencing, the UAV utilized its built-in GPS system for navigation,
nadir image acquisition, and recording coordinates of individual images. The images were
processed and orthomosaiced using Pix4Dmapper v4.8.4 (Prilly, Switzerland), resulting in
multispectral rasters with 6 cm resolution for each spectral band.

2.2.1. Corn Yield Data Collection Processing

Corn yield data were collected using a John Deere 9510 harvester equipped with
an Agleader sensor (Figure 2c), aggregating yield values across six rows and a length
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of approximately 3.6 m, covering an area of about 21.6 square meters per measurement.
These yield values were mapped in ArcGIS, where influence polygons were generated
for each measurement. Irregular polygons and those at the field edges were excluded to
improve data accuracy, resulting in 8581 yield values, each precisely linked to its corre-
sponding influence polygon as a shapefile (Figure 2d). Corn yield varied between 1.69 and
15.86 Mg/ha (Figure 3), with a mean yield of 10.19 Mg/ha, which exceeded the Texas state
average of 6.62 Mg/ha for the 2022 /2023 growing season [32,33]. The interquartile range
(Q1: 9.46, Q3: 10.95) was 1.49 Mg/Ha, covering 50% of the values. A coefficient of variation
of 12.11% indicates consistent yields with moderate variability, enabling reliable estimation.

® 0 co®O © } .. ! 0®0000 0
: :

o — PDF
0.35 4 [ Histogram

yan
/

0.25 A

0.20 - x

0.05 A ‘

0.00 T T T T T T T
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Yield (Mg/Ha)

Figure 3. Frequency distribution of corn yield.

The box plot displays Q1 (25th percentile), the median (Q2), and Q3 (75th per-
centile), illustrating data distribution. Whiskers extend beyond the interquartile range
(IQR = Q3 — Q1), with lower and upper limits set at Q1 — 1.5 x IQR and Q3 + 1.5 x IQR,
respectively. Data points beyond these limits were not excluded or classified as outliers,
as variability in agricultural yield often reflects real environmental factors such as soil
heterogeneity, water availability (particularly in rain-fed systems), and topography. Re-
moving such values could lead to information loss and bias. Potential biases from events
like pest outbreaks were not explicitly identified or processed, as the yield data showed
no significant clustering or unusual patterns. Additionally, the machine learning models
used—RF, XGB, ET, and GBR—are robust to extreme values due to their non-parametric
and ensemble structures, mitigating the influence of outliers more effectively than linear
regression. Data normalization was not required, as decision-tree-based ML models split
data based on feature thresholds rather than computing distances or gradients, making
them inherently robust to varying data magnitudes.

2.2.2. Imagery Processing

To correlate UAV-derived image data with corn yield data, multispectral images
were segmented and aggregated using the corn yield polygon shapefile, producing
8581 polygons with spectral band information. Pixels representing bare ground were
excluded, retaining only those corresponding to corn vegetation. Using the zonal statistics
function in ArcGIS, mean reflectance values for each band (B, G, R, RE, and NIR) were
calculated within each polygon. This process generated a dataset of average reflectance
values aligned with corresponding corn yield values, enabling a consistent analysis of the
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relationship between spectral reflectance and crop yield. To ensure representativeness, the
Shapiro-Wilk test showed that over 98% of the spectral values in the 8581 polygons had
p-values > 0.05, indicating normality. This aligns with expectations, as only vegetation
pixels were included.

2.3. Spatial Autocorrelation Evaluation

Spatial autocorrelation of corn yield data was assessed using Moran’s I, a widely used
spatial statistic for evaluating autocorrelation [34]. This method involved cross-product
statistics between the target variable and its spatial lag, with the variable expressed as
deviations from its mean (z; = X; — X). Moran’s I statistic is calculated as:

n Yit1 Litq WiZizj
g 2

i

I=

n
So i=172

2

ij/

features, and Sy = Y\'; YL, w; is the sum of all weights. Global Moran’s index values
i=1 2j=1 Wjj g

where wj; represents spatial weights in a matrix computed with wj; = 1/dj, n is the total
range between —1 and 1, where a value of 1 signifies a high degree of positive spatial
autocorrelation, —1 indicates strong negative autocorrelation, and 0 reflects a random
spatial distribution. Perfect autocorrelation is theoretically unattainable, but an index above
0.3 or below —0.3 is considered strong autocorrelation [35].

The spatial autocorrelation of corn yield was computed for four neighborhood levels to
evaluate the trend with increasing neighbor inclusion. These levels involved the immediate
surrounding 8 cells and progressively larger neighborhoods encompassing 24, 48, and
80 cells around each target cell. Figure 4 illustrates this structure, with the target cell at the
center and neighborhood levels expanding outward. The first level comprises the eight
adjacent cells, while subsequent levels incorporate additional surrounding layers, reaching
up to 80 neighboring cells in the fourth level.

Level 4

Level 3

Level 2

Level 1

Target

Figure 4. Neighborhood levels for spatial autocorrelation analysis, showing the target cell and
expansions to 8, 24, 48, and 80 neighboring cells, each shaded differently for clarity.

2.4. Setting up Predictor Sets for Modeling

The predictors were grouped into four sets, some with subsets (Table 1). Set 1 consisted
of the five spectral bands (R, G, B, RE, NIR) as the baseline. Set 2 expanded on Set
1 by adding neighboring information in four variations: Set 2A (4 neighbors), Set 2B
(8 neighbors), Set 2C (20 neighbors), and Set 2D (24 neighbors). Figure 5 shows how
neighborhood data were considered around the dependent or target corn yield value. Set 3
included the five spectral bands plus eight variations of the most commonly used vegetation
indices (VIs) (Table 2). VIs were grouped into subsets through a pre-computed process
(pre-process) using a backward stepwise approach. The backward stepwise approach is
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a method used in regression analysis to improve model performance by systematically
removing the least significant predictors. The process begins with a full model and then
iteratively eliminates the least important variables based on feature importance criteria.
After each removal, the model is re-fitted, and the process is repeated until only the most
significant predictors remain.

Table 1. Overview of predictor sets and subsets used in corn yield regression modeling.

Set Description Sub-Set Details
Set 1 . ) Blue (B), green (G), red (R), red-edge (RE),
(&1) Spectral bands only (Baseline) S-1 near infrared (NIR)
S-2A S-1 + 4 neighbors
Set 2 . S-2B S-1 + 8 neighbors
S2) Spectral bands + spatially lagged bands 520 S-1 + 20 neighbors
S-2D S-1 + 24 neighbors
S-3A S-1 + CREI
S-3B S-3A + GCI
S-3C S-3B + NPCI
Set 3 Spectral bands + vegetation indices 53D 5-3C + ARI, CCCI
(S-3) P & S-3E S-3D + EVI, MCARI, MCCI, NDRE, NG
S-3F S-3E + BGI, NGRDI, PPR, PSRI, TVI
S-3G S-3F + GNDVI, MTVI2, NDVI, B-NDVI, TCI
S-3H S-3G + MSAVI, RDVI, SAVI, TrVI, TSAVI
(Sée'_t;;: Spectral bands + spatially lagged bands + Vls S4 S-2B + 20 VIs
20 9 13 24 20 9 13 21
1 8 1 5 19 8/ 1|5 14 19 8|15 14
4 (Target 2 4 (Target 2 12 4 iTarget 2 10 12 4 |Targetl 2 10
3 7 3 6 18 7 3 6 15 18 7 3 6 15
17 11 16 23 17 11 16 22

(a) (b) (c) (d)

Figure 5. Spatial neighborhood configurations in Set 2 predictors for assessing lagged spectral band
values in corn yield regression modeling: (a) four neighbors, (b) eight neighbors, (c) twenty neighbors,
and (d) twenty-four neighbors.

In this study, the process began with a full set of 25 VIs, and models were initially run
with all variables. The five least important VIs (MSAVI, RDVI, SAVI, TrVI, TSAVI) were
removed based on feature importance, leaving 20 VIs. This process was repeated, with the
five least important VIs removed at each iteration. In the last three iterations, fewer than
five predictors were removed to better control model performance, as previous studies
have shown that prediction accuracy increases rapidly with the addition of initial variables
but diminishes asymptotically as more predictors are added [36]. Throughout the process,
the most important VIs for the SLML regression models were retained. For example, in Set
3, the most important VI was CREI (S5-3A), followed by GCI (S-3B). Set 4 combined the five
spectral bands, the 20 optimal VIs, and data from eight neighboring cells (Figure 2b).
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Table 2. Vegetation indices included in the subsets of Set 3 predictors for corn yield regression

modeling.
Vegetation Index Name Equation Ref.
CREI Chlorophyll red-edge index NIR/RE — 1 [37]
GCI Green chlorophyll index NIR/G -1 [37]

NPCI Normalized pigment chlorophyll index (R-B)/(R+B) [38]
ARI Anthocyanin reflectance index 1/G—-1/R [39]

CCCI Canopy chlorophyll content index (mg;gg ) / (%g;g) [40]
EVI Enhanced vegetation index % [41]

Modified chlorophyll absorption in reflectance R
MCARI dlex (rodh ((RE—R) - 02(RE-G)) () [42]
ifi - RE-R RE-G

MCCI Modified chlorophyll content index ( = ) ( RETC )

NDRE Normalized difference red-edge index (NIR — RE)/(NIR + RE) [40]
NG Normalized green index G/(NIR+R+G) [43]
BGI Blue green pigment index B/G [44]

NGRDI Normalized green red difference index 8711% [45]
PPR Plant pigment ratio (G—-B)/(G+B) [46]
PSRI Plant senescence reflectance index (R—B)/RE [47]
TVI Triangular vegetation index 0.5(120(NIR — G) —200(R — G)) [48]

GNDVI Green normalized difference vegetation index N%E;g [49]

MTVI2 Modified triangular vegetation index (TVI) 2 L5[1.2(NIR-G)—25(R—G)] [50]

\/(2NIR+1)?— (6NIR-5V/R) ~0.5

NDVI Normalized difference vegetation index (NIR —R)/(NIR +R) [51]

B-NDVI Blue normalized difference vegetation index E&E;E [52]

. . 12(RE-G) —
TCI Triangular chlorophyl index 15(R — G)VRE/R [50]

MSAVI Modified soil-adjusted vegetation index INIR+1-/( 2NIR+1) —8(NIR—R) [53]

RDVI Renormalized difference vegetation index (NIR —R)/+/NIR +R [54]

SAVI Soil-adjusted vegetation index (1+0.5) (NIIEE{REO 5) [41]
ion i NIR-R

TrVI Transformed vegetation index NRR +05 [51]

TSAVI Transformed soil-adjusted vegetation index % [55]

2.5. Spatial Regression Modeling

Spatially lagged models are advanced extensions of linear regression designed to
account for spatial dependencies and interactions among observations in geographical
data [23,24]. These models incorporate spatial lag terms to capture the influence of neighbor-
ing locations on the dependent variable, improving both the accuracy and interpretability
of the analysis. Spatial regression models, such as spatial autoregressive (SAR), spatial
error (SEM), and spatial lag of X (SLX), handle spatial interactions differently: SAR cap-
tures spatial dependence in the dependent variable, SEM addresses spatial dependence
in the error terms, and SLX includes spatially lagged predictors. While SAR and SEM are
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useful, they are less practical for predicting the dependent variable when it is unknown. In
contrast, the SLX model, which does not require spatially lagged dependent variables, is
better suited for forecasting.

2.5.1. Spatial Lag X Model (SLX)

The SLX model incorporates spatially lagged independent variables to examine the
impact of neighboring observations on each observation’s outcome [24]. The model is
defined as:

yi = X1'3 + erl:l WIJX]e + €i

where y, is the dependent variable at location i, X; represents the value of the independent
variables at location i, Wj; represents the spatial weight between locations i and j, X is the
value of the independent variable at neighboring location j, 3 is the vector of coefficients
(n x 1), while 8 is the coefficient vector of size k x 1 associated with the spatially lagged
independent variables. The error term € is a vector of size n x 1, assumed to follow
independent and identically distributed (i.i.d.) errors with a mean of zero and constant
variance, n is the number of observations (or spatial units) in the dataset, and k is the
number of independent variables in the model. Wj; determines which observations actually
contribute to the sum. If Wy; = 0 for a give j, the observation j does not influence i (i.e., it is
not a “neighbor”). In practice, for immediate or fixed distance, Wj; would be nonzero only
for those locations within the specified neighborhood or distance.

2.5.2. Machine Learning Models
Random Forest

Random forest is an ensemble learning technique that generates a series of decision
trees to improve the accuracy of predictions. Each tree uses a bootstrap sample D; from
the original dataset D (where Dy C D and |D¢| = |DJ|). At each split, a random sub-
set of features © is considered, and the best split 0* is selected to maximize the split
criterion G [56]:

*
0" = argrglgéG(Dt, 0)

For regression analysis, G measures the reduction in variance:

|Dyr
Dy

G(Dy, 0) = Var(Dy) — ( Var(Dy1) + |Dt'R|Var(DtrR))

Dyl

where Dy, and DR are the subsets after the split. The final prediction is the average of all
trees: Ypp = + X1 4 ¥ (x), where T is the total number of trees, and f{ (x) is the prediction
from the t" tree. This ensemble approach reduces overfitting and enhances generalization
by averaging the outputs of multiple independently trained trees.

Extreme Gradient Boosting (XGB)

XGB constructs an ensemble of decision trees in a sequential manner, with each
subsequent tree aiming to correct the errors made by the previous ones by optimizing a
regularized objective function [57]:

n

10— B 0 -0
i=1
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where | is the loss function (e.g., mean squared error), y; is the true label, )A/i(t_l) is the

prediction at iteration t — 1, and f¢(X;) is the new tree’s prediction. The regularization term
Q(f¢) penalizes the model complexity to avoid overfitting and is defined as:

— LyT 2
Q(f) = YT+ 5A) ;W]

where T is the number of leaves in the tree, wj are the leaf weights, v is the penalty for
adding a new leaf, and A is the regularization parameter. The prediction is updated as:
yi(t) = yi(tfl) + fr(xi). XGB’s efficient handling of missing data, parallelized tree construc-

tion, and robust regularization make it highly effective for preventing overfitting.

Extremely Randomized Tree Regression (ET)

ET constructs multiple decision trees by introducing randomness in both data sam-
pling and feature splits to enhance model generalization and reduce overfitting [58]. Unlike
traditional decision trees, ET uses the entire dataset D for each tree and split nodes using
random thresholds. Specifically, at each split, a random subset of features ©,ndom is consid-
ered, and a random split point 0,4n4om is chosen from each feature’s range (0 andom @random)-
The split criterion G evaluates the chosen split G(D, 0,andom ). For regression analysis,
G measures the reduction in variance:

D | Dg|

G(D, 6;andom) = Var(D) — (|D|Var(DL) + DlVar(DR)>

where Dy, and Dy are the subsets after the split. The final prediction is the average of all
tree predictions: ¥ = +Y.L; f£1(x), where T is the total number of trees, and £ (x) is
the prediction from the t!! tree. By averaging the predictions from multiple randomized
trees, this approach achieves lower variance and improved generalization compared to

individual decision trees.

Gradient Boosting Regressor (GBR)

GBR combines multiple weak decision-tree learners to produce a strong predictive
model. It operates iteratively, where each new tree corrects the residual errors of the
previous ones by fitting to the negative gradient of the loss function [59,60]. The procedure
starts with an initial estimation, typically represented by the mean value of the target
variable, which is expressed as

N
Fo(x) = argmin) L(y;,v)
Y iz
where L(y;,v) is the loss function (e.g., squared error), and y; represents the observed
values (true value). At each iteration m, a decision tree hy, (x) is trained on the residuals
(r.(mfl) =y, — Fm—1(X)), and the model is updated as

Fm(X) = Fn—1(x) + nhm (X)

where 1) is the learning rate controlling the step size. After M iterations, the final prediction
is § = Fm(x). By progressively reducing errors, GBR achieves high predictive accuracy,
with regularization techniques such as limiting tree depth and applying shrinkage (1) to
prevent overfitting [61].
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2.6. Model Training and Testing

For model training and testing, the corn field area was partitioned into six subareas.
Five subareas were used for training while the remaining subarea served as the test data.
Like the leave-one-out cross-validation approach, each subarea was designated as the
testing set at least once. Therefore, six combinations of training/testing sets were conducted.

2.6.1. Computation Tools

All computations, including the calculation of Moran’s I and the development of
SLX and SLML models, were performed using Python (version 3.8). The Python envi-
ronment facilitated comprehensive data analysis and modeling through libraries such as
NumPy, pandas, and scikit-learn [62-65]. The code for modeling and calculations is avail-
able in the repository at https:/ /github.com/noayarae/Spatial_Lagged_ML, accessed on
11 December 2024.

The models were trained and validated on a Lenovo workstation running Windows
11 Enterprise (23H2, build 22631.4751), equipped with an AMD Ryzen Threadripper PRO
5975WX processor (32 cores, 64 threads, 3.6 GHz), 128GB RAM, and an NVIDIA GeForce
RTX 4090 GPU (24GB VRAM, CUDA 12.0, Driver Version 528.24).

2.6.2. Hyperparameter Tunning

To ensure the robustness and reliability of the machine learning models, hyperparam-
eters were optimized using a 6-fold cross-validation approach combined with grid search.
In this process, the dataset was partitioned into six subsets, with each subset serving as a
validation set while the remaining five were used for training. This iterative procedure was
repeated six times, allowing every data point to be used for both training and validation,
thereby reducing the risk of overfitting and ensuring that the models’” performance was not
overly sensitive to specific data divisions. By systematically evaluating all combinations
of specified hyperparameter values, this approach identified the optimal configurations
that maximized predictive performance while enhancing model generalization. The final
hyperparameter settings derived from this process are detailed in Table 3.

Table 3. Tuned hyperparameters, ranges, and values for machine learning models in corn yield

regression.
Model Hyperparameter Range or List of Values Pace Step Tunned Value

RF n_estimators 100-900 100 500
max_depth 1-40 5 11
max_features 1-20 5 11

XGB n_estimators [100, 200, 300, 400] 200
max_depth 1-12 3 7

learning_rate 0-2 0.05 0.05
subsample 0.4-0.8 0.1 0.7

gamma 0.1-04 0.1 0.3
colsample_bytree [0.7,0.8,0.9] 0.9

ET n_estimators 100-900 100 300
max_depth 1-40 5 21
max_features 1-21 4 21

DT n_estimators 100-900 100 300
max_depth 1-15 3 12
max_features 1-21 4 21

GBR n_estimators 100-900 100 200
max_depth 1-13 4 5
learning_rate 0-2 0.05 0.1

subsample 0.4-0.8 0.1 0.7
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2.7. Model Performance Evaluation

Model performance is assessed using two key metrics: root mean square error (RMSE)
and coefficient of determination (R?) (Figure 2g). RMSE indicates the average magnitude
of prediction errors, reflecting model accuracy.

1 N
RMSE = \/nZ?_l (vi — Yi)zr

where y; are the observed values, §; are the predicted values, and n is the number of
observations. A lower RMSE indicates better model performance.

The R? value represents the proportion of variation in the dependent variable that can
be explained by the independent variables:

R2—1_— Yita (i — }A’i)z
n —=\27
im1 (Vi — 1)

where ¥ is the mean of the observed values. An R? value closer to 1 indicates a better fit.

3. Results
3.1. Spatial Autocorrelation

The corn yield autocorrelation results show significant positive spatial autocorre-
lation, with Moran’s I values decreasing as the neighborhood size increases (Figure 6).
For the immediate neighborhood (8 neighbors), Moran’s I was 0.48, dropping to 0.34 at
24 neighbors, 0.31 at 48 neighbors, and 0.28 at 80 neighbors. These results indicate that
the predicted corn yield values are strongly correlated within local areas. As the neighbor-
hood radius expands, the spatial dependency diminishes, suggesting that the influence of
spatial autocorrelation is most pronounced within the closest cells and gradually reduces
over larger distances. The observed spatial autocorrelation supports the consideration of
spatial lag effects in predictive modeling, as high Moran’s I values in close neighborhoods
highlight the potential benefit of integrating nearby yield data to enhance model accuracy.

0.5

0.4

Moran Index ()

0.3 1

0.2

0 20 40 60 80
Number of Neighbors

Figure 6. Variation in corn yield autocorrelation (Moran’s I) with the number of neighbors, showing
a significant drop after 8 neighbors. Blue dots indicate Moran’s I, with a dashed trend line.
3.2. Model Performance With and Without Neighbor Information

Figure 7 summarizes the performance of SLX and SLML models (R? and RMSE)
for predictor sets S-1 (baseline) and S-2 (with neighbor information) (The markers and
lines are color-modelled as follows: blue for LR, green for RF, red for XGB, cyan for ET,
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and magenta for GBR). Incorporating neighborhood data consistently improved model
performance compared to the baseline. For example, SLX showed a notable R? increase
from 0.19 (S-1) to 0.48 with 20 neighbors (5-2C), demonstrating the utility of spatial data in
enhancing even simpler models. However, its performance plateaued with the inclusion of

additional neighbors.
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Figure 7. Performance metrics of regression models for corn yield prediction: (a) R? and (b) RMSE
for Set S-1 (baseline) and Set S-2 (incorporating neighborhood information).

Among SLML models, ET achieved the highest R? (0.57) with four and eight neighbors,
while XGB reached 0.54 with the same neighbor configurations. Random forest (RF) and
gradient boosting regression (GBR) performed best with fewer neighbors (four or eight)
but showed declining accuracy with larger neighbor sets (S-2C, S-2D), likely due to overfit-
ting or noise. These results highlight the importance of balancing spatial information to
optimize model performance, as excessive inclusion of neighbors can diminish accuracy in
some models.

The RMSE values, in Figure 7b, further confirm the benefits of incorporating spatially
lagged neighbors into predictive modeling. RMSE decreased significantly across all models
when moving from the baseline set (S-1) to spatially enhanced sets (S5-2). ET had the low-
est RMSE (0.94) with four and eight neighbors, while XGB performed best at 0.97 RMSE
for the same neighbor counts. SLX showed a steady RMSE decline, reaching 1.03 with
20 neighbors. RF and GBR showed more variable responses, with RMSE improving
at fewer neighbors but increasing with excessive ones. Overall, the RMSE results rein-
force the R? findings, showcasing the value of spatially lagged data in improving corn
yield predictions.

Among the spatial-lagged machine learning (SLML) models incorporating neighbor-
hood information, ET achieved the highest predictive performance, followed by XGB, RF,
and GBR. This ranking remained consistent across different neighborhood sizes, suggesting
that spatially lagged features introduce complexity that models handle differently. ET’s
randomized split mechanism likely enhances its ability to capture spatial heterogeneity,
while XGB benefits more from structured, engineered features such as vegetation indices.

3.3. Model Performance With and Without Vegetation Indices

Figure 8 summarizes the R?> and RMSE values for SLX and SLML models using
predictor sets S-1 (baseline) and S-3 (including VIs) (The markers and lines are color-
modelled as follows: blue for LR, green for RF, red for XGB, cyan for ET, and magenta for
GBR). These values markedly show the role of VIs in improving model performance. The
incremental inclusion of VIs consistently enhanced the coefficient of determination (R?)
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across all SLML models and SLX, with varying levels of improvement depending on the
modeling approach. The five top VIs that showed the best performance in the regression
models were CREI, GCI, NCPI, ARI, and CCCI. As mentioned above, VIs were selected
using a backward stepwise approach.
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Figure 8. Performance metrics of regression models for corn yield prediction: (a) R? and (b) RMSE
for Set S-1 (baseline) and Set S-3 (incorporating vegetation indices).

Among the SLML models, XGB exhibited the highest R? of 0.52 when using 20 VIs,
demonstrating a substantial improvement over its baseline (R?> = 0.41). Similarly, RF
achieved its peak performance (R? = 0.49) with 10 VIs, a marked enhancement compared
to its baseline of 0.32. GBR reached a similar R? of 0.48 when all 25 VIs were included but
showed no meaningful improvements as fewer indices were removed, indicating a lower
sensitivity to feature reduction. SLX demonstrated limited predictive power overall, but its
R? improved steadily from 0.19 at baseline to a maximum of 0.31 with 25 VIs. In contrast,
ET showed moderate performance gains, with R? plateauing at 0.44 when 10-25 vegetation
indices were included.

After a certain number of VIs were included, improvements in R?> became marginal
across all models. For example, XGB and RF showed negligible changes in R? beyond
10-20 VIs, with ET and GBR exhibiting similar trends. This plateauing effect highlights the
reduced contribution of additional VIs to predictive performance. These results suggest
that while VIs provide valuable spectral information, an optimal subset (e.g., 10-15 indices)
is sufficient to capture most of the relevant variability in corn yield. Including more
indices beyond this threshold adds unnecessary complexity and computational cost without
meaningful performance gains. Thus, optimizing the number of indices is essential to
balance model complexity and performance.

The RMSE results in Figure 8b corroborate the trends observed in the R? values,
highlighting the impact of vegetation indices (VIs) on model performance. Across all
regression models, including VIs (S-3) consistently reduces RMSE compared to baseline
models (Set S-1), which use only spectral bands (B, G, R, RE, NIR). For example, the XGB
model shows a notable RMSE reduction from 1.10 in S-1 to 1.00 in S-3 with 25 VIs. However,
beyond 15-20 VIs, further RMSE reductions are negligible, indicating diminishing returns
in predictive accuracy as less critical indices are added.

When evaluating various vegetation indices in ML models (without neighborhood
information), XGB outperformed RF, GBR, and ET, consistently with more than 10 in-
dices. With 10 or fewer indices, performance varied among XGB, RF, and GBR, while ET
consistently lagged. This performance could be attributed to how each model processes
input features. XGB, RF, and GBR capture complex relationships within structured data,
benefiting from multiple indices. XGB excels with boosting and engineered features, but its
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performance becomes more variable with fewer indices. ET, relying on randomized splits
instead of boosting or feature interactions, struggles to extract meaningful patterns, result-
ing in lower performance. These results highlight that XGB performs best with vegetation
indices, while ET is more effective with spatially lagged spectral data.

3.4. Model Performance Combining Neighborhood Information and Vegetation Indices

Regression models with Set 4 predictors (five bands, 20 VIs, and eight neighbors)
slightly outperformed those with sets 5-1, S-2, and S-3. Among the SLML models, XGB
achieved the highest R? value (0.57), followed closely by random forest (RF, R? = 0.56) and
extra trees (ET, R? = 0.55). Gradient boosting regressor (GBR) showed a moderate R? of
0.50, while SLX had the lowest performance in this group with an R? of 0.46. Furthermore,
it can be highlighted that the SLML models showed superior performance over the LR.

The RMSE values support this ranking, reflecting the model’s predictive accuracy. XGB
showed the lowest RMSE (0.94), indicating superior precision, with RF (0.95) and ET (0.96)
performing similarly. GBR had a slightly higher RMSE (1.01), and SLX again showed the
least accurate predictions with an RMSE of 1.05. The consistent superiority of XGB, RF, and
ET across both metrics underscores the ability of SLML approaches to effectively capture
non-linear relationships and complex interactions within the data, including spectral bands,
neighborhood information, and vegetation indices.

When neighborhood information was integrated with vegetation indices, XGB out-
performed the other models, followed by RE ET, and GBR. This ranking reflects how
models handle Vis and spatially correlated data. XGB and RF effectively utilize vegetation
indices while also capturing spatial dependencies, with XGB refining weak predictions
through boosting and RF benefiting from ensemble averaging. Although ET performs
best when using neighborhood data, it remains less efficient when incorporating both
vegetation indices and spatial information due to its reliance on randomized splits. GBR,
relying on sequential learning, struggles with spatial autocorrelation, leading to the lowest
performance. These findings highlight the varying abilities of ML models to integrate Vis
and spatial information for crop yield prediction.

3.5. Feature Importance When Combining All the Predictors

The feature importance analysis for Set 4 predictors showed that spatially lagged
spectral bands consistently ranked among the top predictors across various SLML models
(Figure 9). In the RF, ET, and GBR models, all spatially lagged features (Green_lag, NIR_lag,
RedEdge_lag, Blue_lag, and Red_lag) were within the top 11 features out of 30. In the RF
and GBR models, for example, Green_lag and NIR_lag ranked as the top two predictors,
surpassing all VIs. In the ET model, these features ranked third and fourth, respectively,
highlighting their significance among the large number of VIs evaluated. Meanwhile, in the
XGB model, although ranked lower, Green_lag and NIR_lag still stood out for their high
importance. These results emphasize the value of spatially lagged features in capturing
spatial variability and improving the corn yield prediction.

Regarding vegetation indices, NDRE, CCCI, and CREI consistently emerged as sig-
nificant contributors across all models, reinforcing their relevance for yield estimation. In
contrast, raw spectral bands such as green, red, and rededge ranked lower, which can be
attributed to the fact that VIs synthesize and enhance spectral information, making them
more relevant for predicting crop yield. Thus, the information from spectral bands is more
effectively utilized through VlIs, leading to more accurate yield predictions.
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Figure 9. Feature importance of ML modeling in corn yield prediction. The five spatially lagged
spectral band features (Green_lag (G-lag), NIR _lag, RedEdge_lag (RE-lag), Blue_lag (B-lag), and
Red_lag (R-lag)) are in bold to highlight their significant role among all evaluated predictors.
3.6. Model Performance Comparison Across Predictor Sets
Table 4 summarizes the performance of various corn yield prediction models across
the four predictor sets. For Sets 2 (S-2) and Set 3 (S-3), the optimal number of neighbors
and vegetation indices, respectively, were considered. The results show that the model
performance using the baseline predictors was outperformed by the other sets (S-2, S-3,
and S-4), with lower R? values compared to the other sets.
Table 4. Best RZ and RMSE values of regression models for the four predictors sets evaluated in corn
yield prediction, with top-performing values in each model highlighted in bold.
Coefficient of Determination (R?) Root Mean Square Error (RMSE)
Model S-1 Best S-2 Best S-3 S-4 S-1 Best S-2 Best S-3 S-4
LR 0.19 0.48 0.31 0.46 1.28 1.03 1.19 1.05
RF 0.32 0.52 0.49 0.56 1.18 0.99 1.02 0.95
XGB 0.41 0.54 0.52 0.57 1.10 0.97 0.99 0.94
ET 0.27 0.57 0.44 0.55 1.23 0.94 1.07 0.96
GBR 0.39 0.50 0.48 0.50 1.12 1.01 1.04 1.01

Results also show that incorporating spatial neighborhood data (S-2) enhances model
performance more significantly than including VIs (S-3). The R? values using optimal
neighborhood information were always higher than using VIs (S-3). For example, the XGB
model achieved an R? of 0.54 with eight neighbors (S-2B), outperforming its performance
when using both spectral bands and VIs (Set S-3G, R? = 0.52 with 20 VIs). Similarly,
the ET model showed an R? of 0.57 with neighborhood data, compared to 0.44 with VIs.
A similar trend was observed in the other models (RF, GBR, and LR) when comparing
these approaches. The RMSE values further support this trend. For instance, the XGB
model achieved an RMSE of 0.97 with eight neighbors (5-2B), compared to 0.99 when 20 VIs
were used (S-3). A similar pattern was observed for RF, with an RMSE of 0.99 when using
neighborhood data, compared to 1.02 when incorporating VIs. These results highlight that
spatial relationships captured through neighborhood information are more effective for
accurate yield prediction than the inclusion of additional spectral indices. These results
highlight the greater predictive power of spatial data in corn yield prediction.
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The performance of regression models using the S-4 predictor set generally demon-
strated comparable or slightly superior results relative to other predictor-sets, particularly
with RF and XGB. For example, RF and XGB achieved their highest R? values with the S-4
set (0.56 and 0.57, respectively), outperforming their results with S-2 and S-3. In contrast,
the ET, GBR, and SLX models showed no significant advantage with S-4 over S-2 but
maintained competitive performance. These findings highlight the robustness of the 5-4
predictors, especially for ensemble methods like RF and XGB, which effectively utilized the
combined spectral and spatial data

4. Discussion
4.1. Spatial Autocorrelation of Corn Yield

The findings confirm a strong positive spatial autocorrelation of corn yield, particularly
within the immediate neighborhood, as indicated by Moran’s I values. This reinforces
the idea that yield variability in agricultural fields is significantly influenced by localized
spatial factors. The gradual decrease in autocorrelation with increasing neighborhood size
further supports the notion that proximity plays a central role in yield patterns, aligning
with the first law of geography [66,67].

The results highlight the importance of incorporating spatial lag effects in yield pre-
diction models. Capturing local spatial dependencies significantly improved model per-
formance, as reflected in the enhanced R? and RMSE values. Notably, the spatially lagged
predictors consistently ranked among the top features in feature importance analyses, high-
lighting their predictive value. This finding aligns with previous studies emphasizing the
relevance of spatial patterns in agricultural predictions [68]. Additionally, the integration
of lagged variables, as suggested by [11], proved essential in improving model accuracy.

However, a limitation of this approach is that spatial autocorrelation weakens as
neighborhood size increases, suggesting that incorporating too many distant neighbors
may not offer additional predictive benefits [11]. This could be due to the diminishing
relevance of spatial dependencies over larger distances.

This finding is particularly relevant for precision agriculture, where optimizing the
spatial scale of prediction models is crucial for accurate decision-making and resource
allocation. By demonstrating the potential of spatially lagged spectral information, our
study establishes a strong foundation for advancing predictive modeling across diverse
agricultural settings. Recognizing its significance, we identify this as a key area for future
research and plan to investigate it further in upcoming studies.

4.2. Neighborhood Information and Model Performance

Incorporating neighborhood information significantly improved corn yield prediction
across all regression techniques. The benefits were most pronounced in spatially lagged
machine learning (SLML) models, such as ET and XGB, emphasizing the importance of spa-
tial context in understanding crop yield variability. This finding is consistent with research
that underscores the role of spatially structured variables in agricultural modeling [69]
and the recognition that agricultural production is inherently spatial, necessitating spatial
dependence models for accurate predictions [70].

Despite the positive impact of neighborhood data, R? did not scale linearly with the
number of neighbors. This suggests that spatial dependencies are primarily localized,
with diminishing returns beyond a certain spatial extent. Similar patterns have been
observed in other spatial prediction studies [71,72], but are less studied in the context of
crop yield prediction. This could be attributed to the variability in agricultural practices
and environmental factors, which may limit the benefits of extending spatial dependencies
beyond a certain threshold [73,74].
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Our results contribute to this gap by demonstrating that an optimal balance exists
between model complexity and predictive performance. Specifically, models incorporating
four to eight neighboring points provided the highest predictive accuracy, while increasing
the number of neighbors led to diminishing returns due to potential overfitting or the
inclusion of less relevant spatial information. We recognize that the optimal neighborhood
size can vary based on factors such as soil type, climate, management practices, and
irrigation, which all affect the relationship between crop yield, spectral data, and spatial
dependencies. This highlights the importance of optimizing neighborhood parameters,
a challenge that remains underexplored in agricultural research [75,76].

Moreover, while this study used a fixed number of neighbors for neighborhood
selection, we acknowledge that a more scientific approach to determining the optimal
neighborhood size could improve accuracy. However, our findings provide a solid foun-
dation for further research into systematically identifying both the number and type of
neighbors. Future work could explore localized optimal neighbor search algorithms, inte-
grated with spatial-lagged machine learning (SLML), to refine spatial dependency estimates,
considering additional spatial features such as soil characteristics.

4.3. Vegetation Indices and Model Performance

The inclusion of vegetation indices (VIs) consistently enhanced regression model
performance compared to using only spectral bands, reinforcing the importance of VIs
in improving corn yield predictions. SLML models, particularly XGB and RF, showed
the most substantial improvements, emphasizing the ability of these indices to capture
crop variability effectively. These results align with previous research highlighting the
predictive strength of spectral indices in agricultural modeling [77,78]. Particularly in this
study, indices like CREI, GCI, NCPI, ARI, and CCCI emerged as the most influential.

A key finding was the plateauing effect when more than 10-15 VIs were included,
indicating that only a subset of indices is needed to capture most of the relevant variability.
The diminishing returns beyond this threshold suggest that additional indices contribute
redundant or weakly relevant information, aligning with feature selection principles in
machine learning [79]. These findings highlight the need for balancing model complexity
and accuracy [76,80].

While adding VIs reduced prediction errors, the marginal improvements with addi-
tional indices also highlighted the challenges of computational inefficiency and potential
overfitting. Furthermore, SLX, while showing slight gains, remained limited in its ability
to model the complex, non-linear relationships inherent in crop yield predictions. These
findings reinforce the importance of optimizing feature selection to achieve robust and
efficient models.

4.4. Model Performance When Combining All Predictors

The combination of raw spectral bands, spatially lagged bands, and VIs yielded
competitive predictive accuracy. However, improvements over predictor sets that included
only spatial neighborhood data (S-2) were relatively modest. This finding suggests that
while VIs are valuable, spatially lagged data remain the dominant factor in driving model
performance. This aligns with studies emphasizing the role of spatial factors in agricultural
modeling, challenging the traditional prioritization of VIs as primary predictors [69,70].

Feature importance analysis further reinforced this perspective, with spatially lagged
predictors consistently ranking among the top predictors. This finding contributes to the
evolving understanding of crop yield prediction by highlighting the interplay between
spatial and spectral data. Unlike previous research, which has not studied the combina-
tion of neighborhood spectral values and VlIs, our study demonstrates their combined
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effects, providing a more comprehensive framework for yield estimation. However, the
modest accuracy gains from integrating these predictors suggest potential redundancies or
collinearities, which warrant further investigation.

Additionally, raw spectral bands (B, G, R, RE, NIR) ranked lower in feature importance
than VlIs, reinforcing the value of synthesized indices in capturing meaningful spectral infor-
mation [78,81]. These findings align with prior studies demonstrating that VIs outperform
raw reflectance in biomass estimation and other crop productivity measures [10,25].

The overall performance of decision-tree-based models showed that no single ML
algorithm demonstrated clear superiority; performance varied depending on whether
neighborhood information, vegetation indices, or both were included. This suggests that
model effectiveness in predicting corn yield is context-dependent, influenced by input
type (spatially lagged data vs. vegetation indices) and the number of variables used.
ET efficiently handles high-dimensional data and captures complex relationships [58],
showing strong performance with spatially lagged data by using neighboring spectral
features through randomized feature splits. In contrast, XGB excels with structured data,
using boosting to refine weak learners [57], though its sensitivity to spatial correlations
may limit its effectiveness when spatial autocorrelation is strong. RF, with its ensemble-
based approach, balances predictive performance and robustness, making it effective across
different input types but less specialized for spatial or structured data. GBR, relying on
sequential learning [59], struggles with spatial autocorrelation, reducing its performance
when neighborhood information is included. ET performs better with spatially lagged
spectral data, while XGB thrives with engineered features like vegetation indices. These
findings underscore the importance of context-dependent model selection. Future studies
should assess multiple ML approaches based on dataset characteristics, as no single model
is universally superior.

4.5. Implications for Future Research

These findings have several methodological and practical implications for agricultural
modeling. First, the results highlight the need for context-specific optimization of spatial
parameters, as the optimal neighborhood size and the relative importance of spatial and
spectral predictors may vary across crops, regions, and data sources. Understanding these
variations can help refine adaptive modeling strategies for different agricultural settings.

Second, the study highlights the value of high-resolution UAV data in capturing
fine-scale spatial dependencies, suggesting that future research should explore how these
findings scale to coarser resolutions or larger areas. It remains unclear whether the same
spatial relationships hold at broader scales, necessitating multi-scale validation efforts.

Third, the observed trade-offs between model complexity and predictive performance
emphasize the importance of balancing data richness with computational efficiency. While
incorporating additional features generally improves accuracy, diminishing returns and the
risk of overfitting must be carefully managed. These insights are particularly relevant for
operational applications, where computational efficiency is critical for real-time decision
support in precision agriculture.

Finally, this study emphasizes the value of neighborhood information in enhancing
corn yield prediction, laying the groundwork for future research across diverse crops
and agricultural settings with spatial dependencies. Future studies should explore how
specific spectral bands (e.g., blue, green, red, NIR, rededge) and their interactions influence
prediction accuracy, considering context-dependent factors such as agronomic conditions,
crop types, and environmental stressors. Additionally, our fixed neighborhood size may
not be optimal for all contexts. Research should focus on developing methods for de-
termining the optimal neighborhood size through localized neighbor search algorithms
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integrated with spatial-lagged machine learning (SLML). Incorporating additional spa-
tial features, such as soil characteristics, could further refine these models and improve
prediction performance.

5. Conclusions

This study presents an innovative approach to crop yield prediction by integrating
spectral neighborhood data using the spatial-lagged machine learning model (SLML),
an enhanced version of the spatial lag X model (SLX). The research aims to demonstrate
how integrating spatially lagged spectral information enhances predictive accuracy com-
pared to traditional approaches that primarily rely on vegetation indices (VIs). The study
hypothesizes that integrating neighborhood spectral data significantly enhances predictive
accuracy, providing novel insights into the role of spatial dependencies in agricultural
yield prediction.

This study was conducted on a 19-hectare cornfield at the ARS Grassland, Soil, and
Water Research Laboratory during the 2023 growing season. Multispectral imagery was
collected using a WintraOne UAV with a MicaSense RedEdge-P sensor, capturing five
spectral bands (R, G, B, RE, NIR) at 6 cm resolution during the VT /R1 stage. Yield data
covered 21.6 m? per measurement, resulting in 8581 yield values ranging from 1.69 to
15.86 Mg/Ha (M = 10.19 Mg/Ha). SLML models, using decision-tree-based techniques (RF,
XGB, ET, and GBR) in addition to SLX, were applied to predict corn yield, incorporating
spatially lagged predictors (neighborhood data). Four predictor sets were evaluated:
Set 1 (spectral bands—baseline), Set 2 (spectral bands + neighborhood data), Set 3 (spectral
bands + VIs), and Set 4 (spectral bands + top VIs + neighborhood data). Model performance
was assessed using R? and RMSE.

The main finding revealed that the introduced approach (incorporating neighborhood
data—Set 2), consistently outperformed the traditional approach using VIs (Set 3) in pre-
dicting corn yield. This highlights the superior value of spatial context, where the proximity
of neighboring cells provides more relevant information about yield variability than the
spectral reflectance captured by VIs. Additionally, this study demonstrated the significant
role of spatial autocorrelation in corn yield data, with the strongest correlations observed
in immediate neighborhoods (eight neighbors). Incorporating spatial neighborhood data
consistently improved model performance, with SLML models such as XGB, RF, and ET
performing best with four to eight neighbors. However, excessive inclusion of neighbors
led to diminishing returns, underscoring the importance of optimizing neighbor selection.

Evaluation in Set 3 showed that while VIs are effective for assessing crop health and
vigor; however, their predictive power for yield plateaus once an optimal set of indices is
reached. In this regard, VIs enhanced model performance, particularly with XGB, although
a smaller subset (10-15 indices) proved sufficient for optimal yield prediction.

Evaluation in Set 4, combination of spatial and spectral data showed slight perfor-
mance improvements, with XGB and RF achieving the highest R? values, emphasizing the
value of integrating both data types for enhanced predictive accuracy. In this case, com-
bining spatial and spectral data, spatially lagged spectral bands (e.g., Green_lag, NIR lag,
RedEdge_lag) were ranked predictors, highlighting the importance of including neighbor-
hood information into the regression model for corn yield prediction. Vegetation indices
such as CREI, GCI, NCPI, ARI, and CCCI were also key predictors, competing with spatially
lagged data and consistently outperforming raw spectral data alone.

In addition, the performance of decision-tree-based ML models in predicting corn
yield varied depending on the inclusion of neighborhood information, vegetation indices,
or both. No single model emerged as superior, with effectiveness being context dependent.
ET excelled with spatially lagged data, XGB performed best with structured data, RF
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balanced performance across data types, and GBR struggled with spatial autocorrelation.
These findings highlight the need for context-driven model selection and suggest future
studies should evaluate multiple ML approaches based on dataset characteristics.

This study emphasizes the significance of spatial context and neighborhood infor-
mation in improving corn yield prediction. It highlights the need for optimizing spatial
parameters, feature selection, and neighborhood size to enhance model accuracy. Future
research should explore the scalability of these methods to larger areas and coarser resolu-
tions, while investigating advanced approaches for integrating spatial and spectral data.
Additionally, the influence of specific spectral bands and their interactions, along with
agronomic and environmental factors, should be further examined. Incorporating spatial
features such as soil characteristics and developing localized search algorithms for optimal
neighborhood size could further refine predictive models and improve their robustness
across diverse agricultural settings.
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