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Abstract

In maize (Zea mays L.), early yield prediction is a concept
of great interest to breeders and agronomists. Limited stud-
ies have tried to leverage field-scale imaging data to per-
form such crop yield predictions. For this purpose, this
study aims to provide a complete data pipeline that uses
single-view depth and RGB image data to extract morpho-
logical traits of maize ears (length, width, and volume), to
forecast yield in a non-destructive approach. A depth cam-
era from a smartphone device was used to acquire imagery
data, and those images were used to train the YOLOvI2n-
seg model for segmenting the maize ears. The segmentation
masks were then used to cut out the background from the
point clouds. These point clouds then underwent a further
filtering process to remove the remaining noise. The length
and width of the ear were extracted using a geometric com-
putational approach, while the volume was predicted us-
ing the deep learning model developed for this project, the
Ear Volume Network (EVNet). Lastly, a yield prediction
was obtained by using the ear morphological traits as in-
put in the gradient-boosting decision trees. The segmenta-
tion task performed well under adverse environmental con-
ditions such as occlusion, noise and variable lighting. The
EVNet accurately predicted ear volumes under ideal sce-
narios (RMSE = 28.91 ml). Likewise, the yield forecast step
demonstrated high accuracy in both ideal (RMSE = 13.90
g) and real (RMSE = 24.12 g) scenarios. The results of this
study highlight the potential of using new technologies to
predict yield under field conditions.

1. Introduction

Maize (Zea mays L.) is a widely used crop for numerous
industries that maintain food security [20]. Early predic-
tions of yield components can help farmers and breeders as-
sess field quality and make data-assisted management deci-
sions [3]. Despite the recognized importance of early yield
forecasting, the existing literature lacks robust methods that
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leverage on-field image data to extract morphological traits
directly related to yield components. For other cereal crops,
such as sorghum, this gap has been explored by Santiago
et al. [19]. In contrast, most existing approaches for maize
focus on grain classification and quality assessment [25].
Consequently, these methods typically do not utilize on-
field data, often requiring manual labor such as husk re-
moval, threshing maize ears, or setting up controlled imag-
ing environments [14]. A more closely related approach is
presented by Gao et al. [9], who leveraged a pose estima-
tion method that can estimate maize ears dimensions with
on-field images. However, their method significantly dif-
fers from this study, as they primarily focused on accurately
predicting maize ear position and pose, with ear dimensions
indirectly derived from 3D bounding boxes.

To the best of our knowledge, no study or tool explores
ear volume estimation, a trait directly related to yield com-
ponents, and did not use these morphological character-
istics for yield forecasting or other practical applications.
Therefore, the objective of this study is to develop a robust
pipeline that utilizes on-field data to extract maize ear mor-
phological traits, particularly length, width, and volume, en-
abling precise plant-level yield forecasts.

2. Materials and Methods

During the 2024 growing season, multiple locations around
Manhattan, Kansas, were visited during the R4 to R6 stages
to capture a diverse range of maize ears images. These lo-
cations included demonstration plots, experimental fields,
and commercial production fields. The experimental fields
included plots with varying nitrogen fertilizer application
rates.

At these sites, we measured the ears’ maximum length
using a measuring tape and maximum width using a dig-
ital caliper. Additionally, we collected single-view field
depth measurements of 120 maize ears using an Intel Re-
alSense Depth Camera D435i. This advanced camera sys-
tem provided both RGB images and depth outputs, allowing
for a detailed assessment of ear morphology. To illustrate



this process, we present example outputs from this camera
system, including the original RGB image (Figure 1a) and
the depth output for that same image (Figure 1b). Lastly,
the maize ears were extracted so that their volume could
be measured in the laboratory using a water displacement
method.

In addition to the depth imaging, we gathered 947 RGB
images of maize ears using standard smartphone cameras,
such as the example shown in Figure lc. This smartphone
image dataset is publicly available in the CornDepth reposi-
tory [2], and was purely used to facilitate ear segmentation,
therefore no other morphological trait was collected.

The deep learning models developed in this study were
trained on the following GPUS: NVIDIA GeForce RTX
4070 laptop and NVIDIA RTX 1000 Ada laptop.

2.1. Overview

The overall pipeline consisted of collecting single-view
depth data of maize ears directly in the field. Maize ears
were first segmented from the images by extracting regions
of interest using a trained segmentation model. The seg-
mented areas were then used to crop corresponding point
clouds obtained from the depth camera. These segmented
point clouds provided the basis for extracting morphologi-
cal traits, specifically ear length, and width. A neural net-
work model, detailed later in section 2.5, estimated ear vol-
ume by taking the segmented point cloud, ear dimensions
(length and width), and phenological stage as inputs. Fi-
nally, length, width, and volume were utilized to forecast
yield per plant. This entire pipeline was programmed and
executed in Python 3.11. [24]

2.2. Image Segmentation of Maize Ears

We utilized the CornDepth dataset [2] with an addition of
images taken from the RGB module of the depth camera to
train the YOLOv12n-seg [22] model. Furthermore, the la-
beling process was done through Roboflow [5], while train-
ing was performed locally on multiple devices, as described
in section 2.

The segmentation masks from this step were used to trim
the point cloud acquired from the depth camera, resulting in
a single-view 2.5D reconstruction of the maize ear.

2.3. Point Cloud Outlier Removal

We tested two methods for filtering out the background
noise. Both groups include the entire set of point clouds,
with Group 2 undergoing an additional filtering step. The
first method (Group 1) involved performing a Statistical
Outlier Removal followed by a Radius Outlier Removal.
The second method (Group 2) contains an additional Small
Cluster Removal step to clean the remaining noise. Each of
these techniques was implemented as follows:
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Let (1) represent the original maize ear point cloud.

P={pi,ps,...,pn}, pi €R® (1)

Statistical Outlier Removal (SOR)

For each point p; € P, we compute the average distance d;
to its k£ nearest neighbors:

di =

Z sz _pj”?a

JENN(p;)

where NN(p;) denotes the set of the k nearest neighbors of
pi. The global mean  and standard deviation o of {d;} Y,
are computed. A point p; is retained as an inlier if:

di < p+ ao,

where k = 20 and o = 2 in our implementation.

Radius Outlier Removal (ROR)
For each point p;, we define the neighborhood:

N:(pi) = {pj € P | lIpi = pjll2 < 7},

with » = 0.05. A point p; is retained if the number of
neighbors satisfies:

[N (pi)| = m,

with m = 16.
The intermediate cleaned point cloud P’ after applying
both SOR and ROR is defined as:

P ={pie P|d; <p+20 A |[N.(pi)] >16}.

Group 1: Without Small Cluster Removal

The final cleaned point cloud in this case is simply:

Py =P

clean

Group 2: With Small Cluster Removal (SCR)
In this approach, P’ is further partitioned into clusters us-
ing DBSCAN [6] with parameters ¢ = 0.02 and minimum
points mpg = 30:

) Y

where C; (for i = 1,..., K) are the resulting clusters, and
N represents noise points (not assigned to any cluster). The
largest cluster is selected as the final cleaned point cloud:

K

P (
i=1

Je

P

emn = AIE mcax |C;]-
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module.

(a) Example of an image from D435i’s RGB (b) Example of a Depth Map from D435i. Col- (c) Example of a smart-
ors represent proximity.

phone RGB image.

Figure 1. On-field data of maize ears obtained via a D435i depth camera and a regular smartphone camera.

Summary of Outlier Removal Methods

The final cleaned point clouds can be summarized as fol-
lows:
¢ Without Small Cluster Removal:

Py

clean

={pi € P|d; <pu+20 A |N.(pi)| > 16}.
¢ With Small Cluster Removal:

P

clean — I8 IIIC?.X |CZ|7
i
where

2.4. Geometric Extraction of Maize Ear Length and
Width

Using the same definition of a point cloud P (1), the al-
gorithm to extract the maize ear dimensions consists of the
following.

Principal Component Analysis (PCA):

centroid of P:
1N
b= N ;pz

Center the point cloud by defining

Compute the

pi=pi—p, i=1,...,N.

The covariance matrix C is given by

1 N
R A
C_N*;:lpl(pl) :

Perform an eigen-decomposition of C' to obtain eigenvalues
A1 > A2 > As and corresponding eigenvectors vy, vs, v3.
In our implementation, we define:

ez = v1, (largest principal axis)
ex = vy, (second principal axis)
ey = vz, (third principal axis)

P ={p € P|di <p+20 A [N(ps)] = 16},
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Rotation to Principal Axes: We construct the rotation
matrix R whose columns are the reordered eigenvectors:

R = [GX €y ez} .
The rotated point cloud is then
Pr ={R"(pi —p) | pi € P}.

In this rotated coordinate system, the new z-axis aligns with
the largest principal component.

Maize Ear Length: The ear length is defined as the extent
along the z-axis:

L = max z(p) — min z
max (p) JInin (p),

where z(p) denotes the z-coordinate of the point p € Pg.

Maize Ear Width: To compute width, first consider the
zy-projection of Pr:

Q= {(:E,y) | (m,y,z) € PR}

Outliers are removed by retaining only points within the 5"
and 95" percentiles for each coordinate:

Q' ={(z,y) € Q| w5 <& < Tgsp NYsn <Y < Yo5%}

where x59, Tos5%, Ys%, and ygsy, are the corresponding per-
centile values.
For each angle 6§ € {0°,5°,10°,...,175°}, define the
2D rotation matrix:
—sinf
cosf |-

R — cos
7 \sino
Rotate the filtered points:

Q=100 (1) 1) € Q)



The width along angle 6 is computed as:

w(f) = max g — min q
( ) q€Qy q€Qy, ’
where ¢; denotes the first coordinate of the rotated point.
The width W is then defined as

= w(#).

max
9e{0°,5°,...,175°}

Unit Conversion: Finally, depending on the desired mea-
surement units, the computed length L and width W may
be scaled accordingly.

2.5. Ear Volume Network: Predicting Ear Volume
with Deep Learning

The Ear Volume Network (EVNet) is a deep learning archi-
tecture designed to predict maize ear volume. It receives
two numeric values—the ear’s length and width—along
with a point cloud representation of the ear. Note that since
the point cloud is captured from a single viewpoint, it is
effectively a 2.5D representation that captures only the vis-
ible surfaces. Each point in the cloud is represented as a 4-
dimensional feature vector [z, y, 2, Stag€encoded|, Where the
spatial coordinates (z,y, z) capture geometric information
and the categorical variable is the phenological stage (e.g.,
“R4”, “R6”), which was converted to a numeric value.

2.5.1. Point Cloud Sampling Strategy

Inspired by [18], we employed a Farthest Point Sampling
(FPS) method to downsample the original point cloud and
accelerate computations. Given the point cloud P (1), the
goal is to select a subset S C P of k points that are maxi-
mally dispersed throughout P. The FPS algorithm proceeds
as follows:
1. Initialization:
* Randomly select an initial point p;, from P and add it
to the set S.
* Initialize a distance array {d; } Y., with a large constant
value for each point in P.
2. Iterative Selection: For each subsequent selection until
|S] = k:
* For every point p; € P, compute the Euclidean dis-
tance ||p; — p;||2 from the most recently selected point
p; € S.
» Update the distance d; as:

d; = min (d, |[pi — pjll2) -
* Select the point p;« with the maximum distance:
pi+ = arg max d;.
pi€P
e Add p;- to S.
3. Termination: The algorithm terminates once k points

have been selected. The set S then represents the down-
sampled point cloud Ppgps.

2.5.2. Network Architecture and Training

The proposed neural network architecture, EVNet balances
training and inference performance with simplicity and ac-
curacy. The design integrates Dynamic EdgeConv [26] lay-
ers with global pooling and numeric feature fusion to pre-
dict maize ear volume from point cloud data.

Each point sampled via FPS (section 2.5.1) is repre-
sented by a four-dimensional feature vector comprising its
normalized spatial coordinates [x,y, z] and the phenologi-
cal stage encoded numerically (stageencoded)-

Dynamic EdgeConv layers [26] are employed to extract
hierarchical local geometric features from these point rep-
resentations. The first EdgeConv layer dynamically con-
structs a k-nearest neighbor graph (with k& = 20) and maps
the initial 4-dimensional input into an intermediate 64-
dimensional feature space. Subsequently, a second Edge-
Conv layer captures more abstract local geometric relation-
ships, transforming these intermediate features from 64 to
128 dimensions.

The output from the second EdgeConv layer is then ag-
gregated using global mean pooling to derive a single global
descriptor for each maize ear’s point cloud. This global
descriptor is concatenated with additional numeric inputs,
specifically the maize ear’s length and maximum width,
forming a comprehensive feature representation.

Finally, the combined features undergo regression via a
Multi-Layer Perceptron (MLP) comprising fully connected
layers, batch normalization, ReLU activations, and dropout
layers to mitigate overfitting. The final output of the net-
work is a scalar prediction of the maize ear volume.

Training details: The training conditions for EVNet
were 400 epochs using the Adam optimizer with a learning
rate of 1073, The loss function employed was mean squared
error (MSE). Models were trained using batch sizes of § on
graphics cards described in Section 2.

Two versions of the model were selected for this study.
The first, EVNetldeal, was trained under ideal data con-
ditions using ground truth ear length and width measure-
ments. This approach isolates the performance of the net-
work architecture by eliminating error propagation from
preceding methods. In contrast, EVNetReal was trained
using ear dimensions derived from the geometric extraction
process described in Section 2.4, thereby assessing the per-
formance of the complete pipeline in real-world scenarios.

2.6. Forecasting Grain Yield per Plant

We evaluated two gradient-boosting decision tree models
(GBDT), XGBoost [1] and CatBoost [4], for predicting
maize ear grain yield. The input features included numeric
variables—ear length, width, and volume—as well as a cat-
egorical variable representing the phenological stage. The
model output was the total grain dry weight per ear, serving
as an estimate of grain yield per plant.



This forecasting step was also evaluated using both the
EVNetldeal and EVNetReal scenarios described in Section
2.5.2.

3. Results

3.1. Performance of Maize Ear Segmentation

The YOLOvI2n-seg model achieved high segmentation
accuracy under diverse environmental conditions, as dis-
played in Figure 2. Additionally, Table | summarizes the
precision, recall, and mean average precision (mAP) ob-
tained at epoch 250 for bounding boxes (BBox) and seg-
mentation masks. The segmentation method yielded a pre-
cision and recall of 95.83% and a mAP@0.5 of 98.60%,
while the masks outperformed the bounding boxes in mAP
over IoU thresholds from 0.5 to 0.95. Lastly, the segmenta-
tion step averaged 1.112 seconds per image.

Method Precision Recall mAP@0.5 mAP@0.5:0.95
BBox 0.9583 0.9582 0.9860 0.7720
Mask 0.9583 0.9582 0.9860 0.7981

Table 1. Final YOLOv12n-seg performance metrics at epoch 250.

3.2. Comparing Point Cloud Outlier Removal
Groups

The two outlier removal groups were compared based on vi-
sual outcomes, computational performance and Root Mean
Squared Error (RMSE) between the predicted and ground
truth volumes using EVNetIdeal. As shown in Figure 3,
the Group 2 method, which included the SCR step, effec-
tively eliminated visually notable outliers, excluding points
from the background and overall noise, resulting in cleaner
point clouds. However, this additional step did not improve
EVNet predictions; it made them worse. As presented in
Table 2, the point clouds from Group 1 outperformed the
ones from Group 2 by approximately 1.97 milliliters (ml)
in RMSE when passed as input for inferences with EVNe-
tIdeal.

Group1 Group 2
28.9067  30.8700

RMSE (ml)

Table 2. Comparison of Root Mean Squared Error (RMSE) by
Group of outlier removal methods, calculated by ground truth and
the volumes predicted by EVNetlIdeal.

3.3. Accuracy of Length and Width Estimations

To evaluate the performance of the dimensions estimation
using the geometric approach described in Section 2.4, we
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defined three metrics: RMSE, Mean Absolute Percentage
Error (MAPE), and Coefficient of Determination R2. As
shown in Table 3, the MAPE for length and width mea-
surements are 9.37% and 14.57%, respectively. The RMSE
values are 2.9659 cm for length and 0.7843 cm for width.
The coefficient of determination R? is 0.1968 for length and
0.4300 for width.

Metric Length Width
MAPE (%) 9.37 14.57
RMSE (cm) 2.9659 0.7843
R2 0.1968  0.4300

Table 3. Performance metrics for maize ear dimensions estimation
using the geometric approach.

3.4. EVNet Volume Prediction Performance

Figures 4 and 5 illustrate the volume prediction perfor-
mance of our models. The EVNetldeal model, trained
using ground truth maize ear measurements, achieved an
R? of 0.90 (RMSE = 25.12 ml, MAPE = 5.65%) on the
combined training and validation datasets, and an R? of
0.88 (RMSE = 28.91 ml, MAPE = 6.90%) on the indepen-
dent test dataset. In contrast, the EVNetReal model, which
utilized ear dimensions from the geometric extraction pro-
cess, showed lower performance metrics. On the combined
training and validation datasets, it achieved an R? of 0.82
(RMSE = 35.79 ml, MAPE = 8.06%), while performance
declined substantially on the independent test dataset with
an R? of 0.48 (RMSE = 75.15 ml, MAPE = 18.33%).

3.5. Accuracy Grain Yield Forecast per Plant

As described in Section 2.6, we evaluated yield forecasting
under two scenarios: an ideal scenario using ground truth
dimensions and volume predictions from EVNetldeal, and
a real-world scenario using geometrically derived dimen-
sions and volume predictions from EVNetReal.

Figure 6 presents the grain yield forecasting results per
plant. The best-performing model under the ideal scenario
was XGBoost. Its yield predictions strongly correlated with
actual measured grain yields (R? = 0.96), achieving an
RMSE of 13.90 grams (g) and a MAPE of 10.07%. For the
real scenario, however, CatBoost resulted in superior met-
rics. The model predicted grain yield with an R? = 0.89,
an RMSE of 24.12 g, and a MAPE of 14.85%.

4. Discussion

4.1. Segmentation Performance

Analyzing field data is challenging due to noise, occlusion,
variable lighting, and different poses of the regions of inter-
est [13]. Despite these challenges, our segmentation method



(a) Double detection and segmenta- (b) Dry husk,
tion.

velopment stages.

typical from later de- (c) Crop canopy casting shadow upon (d) Sun directly affecting the depth
the depth camera.

camera.

Figure 2. Empirical results: YOLOv12n-seg masks under different environment conditions.
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Figure 3. Comparison of the same maize ear point cloud processed
with two different outlier removal methods. Group 1 (left) shows
the point cloud processed with Statistical and Radius Outlier Re-
moval methods, which failed to eliminate all noise and left re-
maining outliers behind (circled). Group 2 (right) shows the same
maize ear processed with the same methods from Group 1 fol-
lowed by an additional Small Cluster Removal step, resulting in
complete outlier removal. Color map represents proximity to the
camera but is not relevant for evaluating the outlier removal meth-
ods in this context.

performed well across various field conditions (Figure 2).
The YOLOv12-seg model achieved high precision and re-
call and a strong mean Average Precision as shown in Table
1. Additionally, the segmentation masks slightly outper-
formed bounding box detections at higher IoU thresholds,
providing better ear shape details.

Unlike previous methods that depend on controlled
setups for improved image quality and noise reduction
[10][29], our approach works directly with raw field im-
ages. The inference speed of 1.112 seconds per image is
practical for field applications, and with further optimiza-
tion using lighter models [12], real-time processing could
be achievable.
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4.2. Point Cloud Processing

The slight underperformance of 1.97 ml in RMSE of Group
2 compared to Group 1 was a surprise since performing all
of the outlier filtering steps (SOR, ROR, and SCR) yielded
the best visual representation of the maize ear. This unex-
pected result can be explained by modern deep neural net-
work architectures being robust to noise [17]. Aggressive
processing methods have also been shown to cause informa-
tion loss [23], and DBSCAN parameters can significantly
impact clustering outcomes [8]. Therefore, while back-
ground noise was removed, the additional filtering steps
could have also affected the shape of the edges that rep-
resented closer dimensions to ground truth. In the future,
we would like to test and investigate this result further.
Nonetheless, avoiding the additional filtering step saved
computational resources.

4.3. Dimension Estimation Challenges

Table 3 highlights the underlying limitations of our current
approach. The low coefficient of determination values are
an indication of this, despite acceptable RMSE values for
length and width.

The most evident cause can be traced to the work with
high-noise environments [13], such as uncontrolled field
data. This factor caused issues to the point cloud structure
that directly affected its shape. Additionally, single-view
approaches are a staple in 3D reconstruction studies, but
they are often accompanied by adversities [16] like shape
ambiguity and, in our case, wrong or incomplete geometry
information. Furthermore, the higher accuracy in width es-
timation suggests that principal component analysis effec-
tively identifies the ear’s main axis, but struggles with end-
point determination. Lastly, maintaining the depth camera
within its precision range is particularly challenging inside
dense maize fields.

To improve this step, specialized feature extraction
methods [28] [15] could be adopted, as they offer robust
strategies for addressing high noise levels and shape ambi-
guities in point cloud data.

Regardless of these limitations and the propagation of
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Figure 5. EVNetReal volume prediction performance.

errors derived from this step in the pipeline, the results of
both EVNet models presented in Figures 4b, 5b and the
yield forecasting process (Figure 6b) demonstrate that the
method is adequate for real-world applications.

4.4. Volume Prediction Performance

The EVNet model presented promising results on test data
while being trained with a small dataset of only 120 point
clouds and ear dimensions. In the ideal scenario that used
the ground truth maize ear dimensions for training and test-
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ing to avoid propagating error from section 2.4, the model’s
performance on unseen data was notably accurate (Figure
4b). This highlights the success of the architectural design,
as indicated by precise predictions on both the training and
testing data, suggesting good generalization with minimal
overfitting [11]. Additionally, Feng et al. [7] showed that
incorporating different types of data, such as images and Li-
DAR, helps improve model prediction accuracy. This sup-
ports future exploration of ways to enhance the model and
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Figure 6. Maize ear yield forecasting results.

highlights the importance of integrating numerical and cat-
egorical data as inputs.

As discussed in section 4.3, the reason for the poor per-
formance from EVNetReal was the underlying accuracy is-
sue with the geometric method. Even then, as noted by [21],
a larger dataset could help improve results since the model
shows acceptable convergence potential, as evidenced in
Figure 5b. This is supported by the metrics, which, while
indicating moderate prediction accuracy, suggest that with
more training data, the model could potentially achieve bet-
ter generalization and reduced error rates.

4.5. Yield Forecasting Potential

Our results demonstrate the potential of accurate maize
yield prediction using both ideal and real scenarios. Even
with the dimensional estimation challenges, the real sce-
nario (Figure 6b) achieved impressive accuracy with Cat-
Boost, closely approaching the ideal scenario’s (Figure 62)
performance. This highlights the robustness of our method-
ology, even with imperfect input data. This is particularly
significant as our approach moves away from methods that
are highly dependent on manual labor and intricate imaging
setups [27], eliminating the need for harvesting ears, remov-
ing husks, or threshing grains to forecast yield at the plant
level.

Future development will focus on achieving the same re-
sults on earlier phenological stages such as R2 and R3, ex-
panding the dataset size to improve the pipeline generaliza-
tion [21], and exploring an end-to-end solution in order to
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avoid many steps for yield forecasting.

5. Conclusion

This study developed a pipeline for extracting morpholog-
ical traits from maize ears using on-field data to forecast
yield at the plant level. Our work represents one of the first
attempts to create a field-to-forecast system that processes
raw field imagery without requiring controlled environ-
ments or destructive sampling. The segmentation compo-
nent performed well (95.83% precision and recall, 98.60%
mAP@0.5) despite challenging field conditions with vari-
able lighting, occlusion, and noise. The dimension extrac-
tion component showed limitations (R? of 0.20 for length
and 0.43 for width), yet downstream models compensated
for these imperfections surprisingly well. Volume predic-
tion worked effectively when accurate dimensions were
provided (R? = 0.88, RMSE = 28.91 ml), validating our
approach. Yield forecasting remained robust even with real-
world data, with CatBoost achieving solid results (R?
0.89, RMSE = 24.12 g) that approached ideal conditions
(R? = 0.96, RMSE = 13.90 g). We plan to test our meth-
ods at earlier phenological stages (R2 and R3), expand our
dataset size, and explore more streamlined solutions. Ad-
dressing dimension extraction limitations through special-
ized feature extraction methods will be a primary focus in
our upcoming work.
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