agriculture

Article

Automated 3D Phenotyping of Maize Plants: Stereo Matching
Guided by Deep Learning

Juan Zapata-Londoiio 12

and Ruber Herndndez-Garcia

check for
updates
Academic Editors: Adrian

Gracia-Romero and Riccardo Rossi

Received: 11 November 2025
Revised: 10 December 2025

Accepted: 10 December 2025
Published: 12 December 2025

Citation: Zapata-Londono, J.;
Botero-Valencia, J.; Torres, i.A.;
Reyes-Vera, E.; Herndndez-Garcfa, R.
Automated 3D Phenotyping of Maize
Plants: Stereo Matching Guided by
Deep Learning. Agriculture 2025, 15,
2573. https://doi.org/10.3390/
agriculture15242573

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

, Juan Botero-Valencia %*{, ftalo A. Torres

3400, Erick Reyes-Vera !

34

Grupo Automatica, Electrénica y Ciencias Computacionales, Faculty of Engineering, Instituto Tecnolégico
Metropolitano—ITM, Medellin 050034, Colombia

Grupo Sistemas de Control y Robética, Faculty of Engineering, Instituto Tecnolégico Metropolitano—ITM,
Medellin 050034, Colombia

Laboratory of Technological Research in Pattern Recognition—LITRP, Facultad de Ciencias de la Ingenieria,
Universidad Catolica del Maule, Talca 3480112, Chile

Department of Computing and Industries, Facultad de Ciencias de la Ingenieria, Universidad Catdlica del
Maule, Talca 3480112, Chile

Correspondence: juanbotero@itm.edu.co

Abstract

Automated three-dimensional plant phenotyping is an essential tool for non-destructive
analysis of plant growth and structure. This paper presents a low-cost system based on
stereo vision for depth estimation and morphological characterization of maize plants.
The system incorporates an automatic detection stage for the object of interest using deep
learning techniques to delimit the region of interest (ROI) corresponding to the plant.
The Semi-Global Block Matching (SGBM) algorithm is applied to the detected region
to compute the disparity map and generate a partial three-dimensional representation
of the plant structure. The ROI delimitation restricts the disparity calculation to the
plant area, reducing processing of the background and optimizing computational resource
use. The deep learning-based detection stage maintains stable foliage identification even
under varying lighting conditions and shadowing, ensuring consistent depth data across
different experimental conditions. Overall, the proposed system integrates detection and
disparity estimation into an efficient processing flow, providing an accessible alternative
for automated three-dimensional phenotyping in agricultural environments.

Keywords: three-dimensional phenotyping; plant growth and structure; non-destructive
analysis; semi-global stereo matching

1. Introduction

Traditionally, phenotypic measurement and analysis have been laborious, costly, and
time-consuming processes [1]. The use of three-dimensional (3D) imaging technologies
has facilitated the study of plants in agricultural research, focusing on the systematic
quantification of morphological and structural attributes, such as canopy architecture, leaf
area, height, stem diameter, and biomass, among other relevant parameters [1-3]. These
morphological traits serve as indicators of factors such as stress, yield, growth, and overall
plant development [4,5]. Among 3D characterization methods, stereoscopic vision has
established itself as an attractive alternative due to its balance between accuracy, low
cost, and ease of implementation [6]. This approach captures the spatial and geometric
relationships of plant structures, providing complementary information to two-dimensional
methods [7-9].
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Several studies have demonstrated the effectiveness of stereo vision in automated
crop characterization [10,11]. Dandrifosse et al. [12] developed a stereo vision system to
characterize wheat canopy architecture in the field, evaluating parameters such as height
and leaf area. The results showed high accuracy compared to manual measurements,
with an RMSE of 0.37 for leaf area and 97.1% agreement in canopy height estimation.
According to Kim et al. [3], stereo vision also enables automated estimation of crop height,
achieving high correlation with manual measurements (R? between 0.78 and 0.84). The
study by Sampaio et al. [13] proposed a system based on RGB-D images that combines color
(RGB) and depth (D), integrating segmentation and volumetric fusion to obtain accurate
three-dimensional reconstructions of corn plants in dynamic conditions. On the other hand,
Wen et al. [14] developed a stereo system to estimate the height of wheat stalks and adjust
the position of a combine harvester’s header in real time, achieving an average error of
5.5 cm compared to manual measurements.

The 3D data acquisition system developed in this work is based on a binocular
stereoscopic vision scheme, supported by the favorable cost-benefit ratio widely doc-
umented in the literature. Stereoscopic systems are characterized by their low cost
(i.e., $100-$1000 approximately), high video transmission speed, and ability to operate
both indoors and outdoors, making them suitable for agricultural environments with
variable lighting conditions [6]. These characteristics are essential factors in ensuring
accessibility and efficiency in capturing large volumes of phenotypic data. Despite their
advantages, the literature also reports an inherent weakness in stereo vision-based systems,
which is associated with their high degree of dependence on calibration algorithms [15]
and stereo correspondence algorithms [16-18], which can significantly affect the quality
of the disparity map and, therefore, the accuracy of the three-dimensional reconstruction.
However, by using an appropriate methodology that integrates robust stereo detection and
correspondence, it is possible to mitigate these limitations and obtain consistent results
even under variable environmental conditions.

Extracting phenotypic characteristics from 3D data presents various difficulties in
outdoor environments [12]. Unlike controlled laboratory settings, field-captured images in-
clude environmental elements, such as soil and adjacent vegetation, which can be mistaken
for the plant of interest and affect segmentation. Therefore, prior detection of the plant is
an essential step, as it allows the region of interest (ROI) to be delimited and the analysis
to be focused solely on the plant area, avoiding background interference [19]. However,
acquisition under variable conditions of natural lighting, cloud cover, or projected shadows
directly affects detection accuracy, making it difficult to correctly identify the plant relative
to its surroundings.

In this context, this article introduces a low-cost, automated 3D phenotyping system
that reconstructs and analyzes the morphology of maize plants in the field using stereo
vision. The main novelty and contribution of this research lies in the direct integration of
a deep learning-based detector into the stereo matching process, allowing the region of
interest to be dynamically narrowed and the disparity calculation to be confined solely
to the plant volume. This strategy reduces redundant background processing, reduces
computation time, and improves the robustness of the depth map, enabling its execution
on low-power embedded platforms. Rather than replacing CNN-based segmentation
strategies, our proposal represents an alternative suited for scenarios where on-device
execution and constrained computing environments must be prioritized.

The rest of the paper is structured into four sections. Section 2 describes the hardware
and algorithms employed in the implementation of the system. Section 3 presents the
experimental results along with a comparative analysis with a commercial reference system.
Section 4 discusses the advantages, applicability, and limitations of the proposed approach
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in real agricultural environments. Finally, the main contributions and future research
directions are presented in Section 5.

2. Materials and Methods

2.1. Materials
2.1.1. Acquisition System

The acquisition system was designed to capture both color and depth information
for the three-dimensional reconstruction of maize plants under real outdoor conditions.
Its architecture is based on a binocular stereo camera module, IMX219-83 (Waveshare
Electronics, Shenzhen, China), which integrates two Sony IMX219 image sensors, each
with 8 megapixels. The sensors are mounted on a rigid support with a fixed baseline
of 60 mm, enabling a balance between depth accuracy and field coverage suitable for
medium-sized crop phenotyping. This camera was chosen for its compact design, low
power consumption, and direct compatibility with embedded processing units such as
the NVIDIA Jetson Nano, which facilitates real-time stereoscopic computation at the edge.
Furthermore, the optical distortion of this camera is less than 1%, minimizing the need for
extensive post-calibration correction.

On the other hand, the stereo module connects via dual CSI (Camera Serial Interface)
ports using flexible flat cables (FFC) with ZIF connectors, ensuring the low-latency, high-
bandwidth data transmission required for synchronous image acquisition. The main
technical specifications of the camera are summarized in Table 1.

Table 1. Technical specifications and connection details of the IMX219-83 stereo camera.

Parameter Value

Sensor Sony IMX219

Resolution (per camera) 3280 x 2464 pixels (8 MP)

Sensor size (CMOS) 1/4 inch

Focal length 2.6 mm

Field of view (D/H/V) 83°/73°/50°

Distortion <1%

Baseline length 60 mm

Dimensions 24 mm x 85 mm

Connection interface Dual CSI (Camera Serial Interface) ports
Cable type Flat Flexible Cable (FFC) with ZIF connectors

2.1.2. Embedded System

The NVIDIA® Jetson Nano (Developer Kit, NVIDIA Corporation, Santa Clara, CA,
USA) was used as the integrated processing unit for managing image acquisition, syn-
chronization, and edge computation. The IMX219-83 stereoscopic module was connected
directly via the two CSI ports, allowing simultaneous capture of the left and right image
streams without latency or frame misalignment. Image acquisition was performed at 30 FPS
and a resolution of 1280 x 720. In addition, this device deploys Ubuntu 18.04 LTS with
JetPack 4.6.4 (NVIDIA SDK), incorporating Python 3.8.0, OpenCV 4.12.0, and the Ultralytics
YOLOVS framework for detection tasks, along with CUDA 10.2 for GPU acceleration.

On the other hand, a 3.5-inch Waveshare® MPI3508 touchscreen was integrated for
local interaction, allowing real-time visualization of acquisition parameters, frame synchro-
nization status, and basic diagnostic metrics. The prototype was powered by an ADATA
Power Bank PT100, providing autonomy during field measurements.

To ensure mechanical stability and consistent camera alignment, a custom 3D-printed
housing was developed using PLA. The structure includes passive ventilation slots to
prevent thermal throttling and mounting points for securing the device to tripods or fixed
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supports, reducing vibrations during outdoor operation. This mechanical configuration
was essential for enabling stable, reliable field measurements under variable environmental
conditions. Figure 1 illustrates the assembly of the acquisition system, showing (a) the 3D
model and (b) the assembled physical prototype, where the stereo module is positioned on
the upper section of the frame and the touchscreen is mounted on the rear side to enhance
operational usability.

=

@ (b)
Figure 1. Assembly of the acquisition system: (a) 3D model and (b) physical prototype.

Table 2 summarizes the components that constitute the stereo acquisition system along
with their respective costs. The value assigned to the structure was estimated based on
the material usage reported by the 3D-printing software, which indicated that 226.83 g of
PLA filament were required for its fabrication; this mass was then used to calculate its
proportional cost according to the filament’s price per kilogram. The remaining components
are commercially available modules and accessories, whose listed prices were included in
the overall system cost estimate.

Table 2. Component Costs of the Stereo Acquisition System.

Component Price (USD) Reference
Structure 3.68 [20]
Display 35.99 [21]
Jetson Nano Module 186.24 [22]
IMX219-83 Camera Module 47.50 [23]
Battery 25.00 [24]

Total 298.41

The complete system was assembled at a total cost of USD 298.41, including both the
stereo acquisition module and the on-board processing unit. This cost is significantly lower
than that of commercial alternatives such as the ZED-2i (USD 519) or the Intel RealSense
series (USD 272-419), which provide only the acquisition module without integrated
processing capabilities. Moreover, several of these commercial systems require external
high-performance hardware, such as GPU-equipped devices, to execute their processing
pipelines. In contrast, the proposed system integrates acquisition and efficient processing
within a single low-power platform, thereby reducing hardware requirements and overall
system cost.

2.1.3. Stereo Calibration

Stereo calibration was performed using a printed checkerboard pattern with a 6-by-8
configuration of internal corners, where each square was 35 mm, and the regular arrange-
ment provided a stable reference geometry for the system. The calibration procedure was
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implemented using the OpenCV library, based on the method proposed by Zhang [25],
which estimates the intrinsic and extrinsic camera parameters from multiple views of a
flat pattern observed from different positions, without requiring prior knowledge of the
three-dimensional geometry of the environment. During calibration, the pattern was placed
at different positions and orientations within the camera field of view (FoV), spanning
approximately 80 cm to 120 cm, as shown in Figure 2. Thus, we collected 11 image pairs
for calibration. This variability allowed sufficient information to be captured, ensuring
numerical stability and accuracy in the calculation of the calibration parameters.

—200

—100

¥ (mm)

Calibration board: 9x7 squares of 35 mm, total size 315 x 245 mm
— X

0 —200

X (mm)

Figure 2. Spatial distribution of the chessboard pattern positions and orientations used during stereo
calibration. Each marker (on the left) represents one of the captured views used to estimate the
intrinsic and extrinsic parameters of both cameras (on the right). The inset shows the calibration
chessboard pattern with an 8 x 6 grid of internal corners used as the geometric reference.

The intrinsic parameters of each camera (focal distance, principal point, and radial and
tangential distortion coefficients) were estimated independently. In contrast, the extrinsic
parameters (rotation matrix and translation vector) were calculated simultaneously to
characterize the spatial relationship between the two sensors. The calibration results
yielded a projection matrix and a rectification matrix that ensure the geometric alignment
of the stereo pairs. From this data, the Q reprojection matrix was derived and used to
reconstruct the scene in three dimensions.

The calibration quality was evaluated using the mean reprojection error per image,
calculated for each camera. This metric allowed us to quantify the discrepancy between
the positions of the corners detected in the images and the projections estimated by the
calibration model, serving as an indicator of the calibration accuracy. The results obtained
in the calibration process are illustrated in Figure 3, where a homogeneous distribution of
errors with values between 0.3 and 0.5 pixels for both cameras can be observed, and an
overall average error of 0.376 pixels. These results confirm that the deviations between the
measured and projected points are less than the pixel size, ensuring accurate and stable
reprojection. The slight variations observed between some image pairs can be attributed to
local differences in corner detection or small mechanical disturbances during acquisition.
Overall, the errors obtained confirm a stable geometric calibration that is suitable for
three-dimensional reconstruction and metric analysis applications.

Finally, the calibration parameters were stored in .npz (NumPy compressed) files,
allowing reuse and subsequent verification during the reconstruction and disparity calcula-
tion stages.
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Figure 3. Average reprojection error per image for each camera during calibration.

2.1.4. Data Acquisition

Data acquisition was performed using the stereo system described above, installed
at 97 cm above ground level. The target plant was located approximately 94 cm in front
of the camera, ensuring complete coverage of the foliage within the field of view of both
sensors. The geometric arrangement of the system and the plant is illustrated in Figure 4.
During capture, the system was operated under natural lighting conditions and low to
moderate wind. Although the influence of wind on 3D reconstruction has been documented,
the literature indicates that establishing a direct correlation between wind speed and
reconstruction errors is not straightforward [26]. Nevertheless, wind-induced leaf motion
has been shown to introduce inaccuracies, typically resulting in errors below 3% in plant
trait estimation [12]. For this reason, data were collected under low wind conditions
to minimize motion-related artifacts in the disparity maps and ensure reliable height
measurements. The data were stored in Portable Network Graphics (PNG) format to
prevent information loss.

Soil
0 20 40 60 80 100 120

x(cm)
Figure 4. Spatial layout of the acquisition system: location of the stereo camera and the plant.

In order to evaluate the performance of the system and obtain three-dimensional
data representative of phenotypic development, an experimental corn (Zea mays L.) plot
was established in the open field. A regional creole variety of yellow corn from the
department of Antioquia (Colombia) was used, grown under conventional management
without fertilizers. The plantation consisted of six plants, distributed in two rows of
three plants each. This number of plants was selected because the study focused on
assessing the response and performance of the proposed stereo-vision system rather than
on characterizing biological variability. In the early vegetative stages (V4-V7), maize
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exhibits highly consistent structural traits across individuals. The separation between
plants within each row was 75 cm, while the distance between adjacent rows was 120 cm,
as shown in Figure 5.

243 cm

Figure 5. Layout of the maize plants in the experiment.

The measurements were taken over a period of approximately 3 weeks (18 days), with
one measurement per plant per day. Additionally, on two random days (22 and 28 August
2025), images were acquired at two times of day, in the morning and in the afternoon,
resulting in a total of 19 samples per plant across different vegetative development stages,
from the V4 to V7 phases.

2.2. Methods

The three-dimensional reconstruction procedure was carried out through a sequence of
steps aimed at transforming the pairs of captured stereo images into spatial representations.
The general flow of the process is illustrated in Figure 6. First, a deep learning model
was used to detect the ROI in the left image, corresponding to the area covered by the
plant. Subsequently, this ROI was geometrically projected onto the right image using the
intrinsic and extrinsic parameters obtained during system calibration, thereby ensuring
spatial correspondence between the two views. Based on these regions, a stereo-matching
algorithm was applied to estimate a disparity map, from which a three-dimensional point
cloud describing the spatial geometry of the foliage was derived.

N A

e ©
v

Corn detection
(YOLOV8n)

Plant 3D
(ROI) reconstruction

Geometric projection

Figure 6. General processing pipeline for 3D reconstruction from stereo image pairs. The system
integrates automatic plant detection, ROI projection, stereo matching, and 3D reprojection stages.
2.2.1. Automatic Detection of the Plant

For the model training stage, corn plants were manually annotated using the Computer
Vision Annotation Tool (CVAT) [27], as illustrated in Figure 7. It is important to note that in
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this part of the process, each plant was delimited by a bounding box covering the entire
visible foliage region.

Figure 7. Manual annotation of a maize plant using the CVAT tool, showing the bounding box
defining the region of interest.

The dataset comprises 544 RGB images acquired using the proposed stereo vision
system. Although the system captures images in pairs, each image was treated indepen-
dently for the 2D detection task. The captures were made at different times of the day in
order to record the plants under various lighting conditions, including situations in which
sunlight cast partial shadows on the foliage (see Figure 8). This variability allowed the
model to generalize despite lighting changes typical of real agricultural environments. The
acquisitions were made between 8:00 and 10:00 a.m. or between 4:00 and 5:00 p.m.

(a) (b)

Figure 8. Examples of lighting variation during the acquisition period: (a) direct sunlight and
(b) partial shadow conditions over the maize canopy.

Each plant was delimited by a polygon (bounding box) covering the entire area of the
plant, as illustrated in Figure 7. The annotations are exported in YOLO format, generating
a separate .txt file for each image. This text file contains the class label and the normalized
bounding-box coordinates. To ensure reliable model evaluation, K-fold cross-validation
(k = 5) was implemented. In this scheme, the total set of images was randomly divided
into five equal-sized partitions. In each iteration, four subsets were used for training and
one for validation, rotating systematically until all possible combinations were completed.

Training was performed using YOLOvVS8n [28], pre-trained with the COCO dataset [29].
Choice of the nano variant is consistent with recent studies on maize plant detection, which
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highlight its optimal balance between accuracy and computational efficiency within the
YOLOVS family [19]. This deep learning model enables real-time instance detection and
segmentation. In this study, it was used to automatically identify the regions corresponding
to each corn plant in the dataset images.

The training process ran for 50 epochs with a learning rate of 0.001, a batch size of
16, and an input resolution of 640 x 640 pixels. The original images, with resolutions of
1280 x 720 and 640 x 360 pixels, were resized to the input size required by YOLOv8n to
maintain dataset uniformity and ensure compatibility with the convolutional layers of the
model. The pre-trained model was loaded from the local repository and tuned using the
default Ultralytics optimizer [28].

All experiments were performed on a GNU Debian Linux system (kernel 4.19.98-1),
with 2 x Intel Xeon Gold 6140, 128 GB RAM, and 4 x NVIDIA GPU GeForce 1080Ti. The
results of each fold were stored in separate folders, allowing comparative analysis and
quantification of performance variability across different subsets.

2.2.2. Disparity Calculation Within the Region of Interest

The Semi-Global Block Matching (SGBM) algorithm, implemented using the OpenCV
library [30], was applied to the plant regions within the rectified stereo images. The stereo
matcher was configured with a disparity search range of 96 levels (numDisparities = 96)
and a correlation window of 5 pixels (blockSize = 5). To regularize disparity transitions
between adjacent pixels, smoothness constraints were introduced through penalty terms
P1 = 600 and P2 = 2400. Additional parameters were incorporated to improve the con-
sistency and robustness of the disparity estimation, including a left-right consistency con-
straint (disp12MaxDiff = 1), a uniqueness ratio of 10, a speckle filtering module (20-pixel
window and range of 2), and a pre-filtering cap value of 25. In full semi-global mode
(STEREO_SGBM_MODE_HH)), the algorithm aggregated matching costs along multiple
epipolar paths, enabling the generation of a dense, spatially coherent disparity map (D).
This map subsequently served as the foundation for the three-dimensional reconstruction
of the plants and the generation of the corresponding point cloud.

Based on the disparity map D obtained, three-dimensional reconstruction is performed
by transforming it into spatial coordinates (X, Y, Z) using the reprojection matrix Q through
the OpenCV function cv2.reprojectimageTo3D(). This matrix, which encapsulates the
epipolar geometry and the intrinsic and extrinsic parameters of the stereo system, enables
disparity to be converted to depth. Conceptually, the depth Z is derived from the principle
of triangulation, in which the disparity d = dy — d; (difference in position of a point
between the left and right images) is inversely proportional to Z, modulated by the baseline
x and the focal length f of the camera [31]. This relationship is illustrated in Figure 9, which
shows how the variation in the position of a point between the two rectified views allows
its depth coordinate to be reconstructed. The disparity information D obtained with SGBM
is then projected using Q to generate the corresponding 3D point cloud, integrating the
geometry and color of the detected ROL.
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Figure 9. Schematic representation of the stereo vision principle. The disparity D between corre-
sponding points in the left and right images is inversely proportional to the depth Z, according to the
triangulation geometry defined by the focal length f and baseline b of the stereo camera.

2.2.3. Estimation of Height and Volume Based on 3D Reconstruction

The morphological parameters of the plant were calculated from the 3D reconstructed
point cloud. Initially, the Random Sample Consensus (RANSAC) algorithm was applied to
detect and fit a plane representing the ground beneath the plant. Due to local irregularities
in the detected plane, a fixed offset of 2.5 cm was applied relative to the plane model to
establish a consistent reference surface for height estimation. This reference was used
uniformly for all plants, ensuring consistent height measurements despite variations in the
ground surface. The points belonging to the ground plane were subsequently removed,
retaining only those associated with the plant structure.

The plant height was determined by calculating the perpendicular distance from the
top point of the point cloud to the adjusted ground plane, using the plane equation obtained
by RANSAC. To reduce the influence of noise or outliers at the top of the cloud, the highest
point was defined as the 95th percentile of the Z coordinates, representing the height below
which 95% of the points lie. The distance was calculated perpendicular to the ground plane
using its normal vector, ensuring the measurement is consistent with the actual orientation
of the plane and independent of camera tilt. The plant volume was determined using
a voxel-based spatial discretization approach. The three-dimensional space occupied by
the point cloud was divided into a regular mesh of uniform-sized voxels, with each voxel
containing at least one point from the cloud being considered occupied. The total volume
was obtained by multiplying the number of occupied voxels by the volume of each voxel,
thereby allowing the physical plant volume to be estimated from the spatial distribution of
3D points.

2.2.4. Performance Evaluation Methodology

A comparative evaluation of the processing time for the entire stereoscopic anal-
ysis workflow was conducted, comprising automatic plant detection using a YOLOVS
segmentation model, disparity estimation with StereoSGBM, and three-dimensional re-
projection. The comparisons were performed under two experimental conditions: full
image processing and combined processing, restricted to regions of interest detected by
YOLO. The procedure was implemented in Python, using the OpenCV library for disparity
estimation and 3D reprojection, while YOLO was used to identify and isolate corn plant
areas in each stereo system image. To ensure reproducibility and reduce variability in
measured times, each condition was evaluated 5 times per day, and the measurements
presented correspond to Plant 4. For each measurement day, the processing times for the
full image (resolution of 1280 x 720 px, equivalent to 921,600 pixels) and for the combined
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YOLO + SGBM + reprojection method were recorded, along with the total number of pixels
processed within the detected regions.

Before the comparative analysis between individuals, the consistency of the proposed
system was evaluated under changes in lighting and variable environmental conditions
on the same day. To this end, height measurements were taken at two times (morning
and afternoon) with an approximate interval of 8 h on 22 and 28 August. This procedure
allowed us to analyze the sensitivity of the system to variations in solar incidence, the
presence of shadows, and potential environmental microfluctuations. Following the de-
tection of an outlier corresponding to Plant 1 on 28 August, which was affected by leaf
damage caused by rain and wind, this record was excluded from the analysis to avoid
bias. Moreover, we analyzed the relationship between plant height and three-dimensional
volume using Pearson’s correlation coefficient to evaluate the physiological consistency of
morphological metrics.

2.2.5. Comparative Experimental Protocol

A comparative experimental protocol was established for quantitative performance
evaluation, using a reference system based on the commercial ZED 2i stereo camera (Stere-
olabs Inc., San Francisco, CA, USA) [32]. To ensure geometric equivalence between the
two systems, the reference camera was positioned at the same distance, height, and orien-
tation as the proposed system, thereby guaranteeing spatial correspondence throughout
the acquisition process. Captures were performed consecutively at the same time of day to
mitigate variations caused by changes in illumination or natural plant movement.

For each of the six evaluated plants, a three-dimensional point cloud (.ply) was gen-
erated and exported using the ZED 2i camera. From these clouds, manual measurements
of the total plant height were taken within the MATLAB LiDAR Viewer environment [33],
determining the vertical distance between the highest point of the plant structure and the
ground, as illustrated in the Figure 10. Additionally, a cube of known dimensions (10 cm)
was placed in the frontal view of the scene, serving as a spatial reference to validate the
scale and metric consistency of the 3D reconstructions. This procedure was repeated during
three consecutive experimental sessions (4—6 September 2025), which allowed the precision

and consistency of the proposed system to be evaluated by calculating the Mean Absolute
Error (MAE), the Root Mean Square Error (RMSE), and the Mean Absolute Percentage
Error (MAPE) with respect to the reference system.

Figure 10. Manual height measurement process performed in MATLAB’s LiDAR Viewer using the
point cloud acquired with the ZED 2i camera.
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3. Results
3.1. Performance of the Plant Detection Model

Figure 11 shows the evolution of the precision, recall, and mAP@0.5 metrics during the
training of the YOLOv8n model, evaluated using five-fold cross-validation (k = 5). These
metrics allow us to evaluate both the capacity of the model to correctly detect corn plants
and its stability across different partitions of the dataset. During the first epochs (=0-5),
the metrics showed high dispersion, with average values below 0.5, reflecting the initial
adjustment of the model weights. Starting in epoch 10, an increase was observed across
all three metrics, reaching values close to 0.9, indicating a progressive improvement in the
model’s ability to discriminate the regions of interest correctly. At approximately epoch 20,
precision, recall, and mAP@0.5 reached values close to 1.0 and remained virtually constant
until epoch 50 was completed.

Evolution of Precision, Recall, and mAP@0.5 Across 5 Folds

10 _
0.8 1
o
=
= 0.6
2
3
=
0.4 1
0.2
Precision
= Recall
0.0 —— mAP@0.5
0 10 20 30 40 50

Epoch

Figure 11. Evolution of the precision, recall, and mAP@0.5 metrics during the 50 training epochs
of the YOLOv8n model. The shaded area represents the standard deviation across the five folds of
cross-validation.

On the other hand, the gradual reduction in the shaded area (representing the standard
deviation across the five folds) in the curves indicates low fold-to-fold variability, demon-
strating stable and generalizable training. This behavior suggests that the morphological
and textural characteristics of the plants were learned consistently, without noticeable over-
fitting to specific subsets of the dataset. The results above demonstrate the effectiveness
and robustness of the YOLOv8n model in identifying corn plants under variable lighting
conditions, including shadows and angular variations.

Figure 12 shows the evolution of processing time throughout the measurements. The
blue line represents the performance of the complete image processing, which includes
disparity estimation using SGBM and three-dimensional reprojection of the entire rectified
image. In contrast, the orange line corresponds to the total combined processing time,
which integrates automatic ROI detection using YOLOVS, stereoscopic disparity calculation,
and 3D reprojection only within the detected regions.
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Figure 12. Daily processing time for stereoscopic flow. The blue line indicates complete processing,
while the orange line shows the time required by the combined YOLO + SGBM + reprojection method
for the detected ROIs.

During the first few days, when the plant coverage was low (approximately 90,000 to
200,000 pixels), the combined processing time was significantly reduced, reaching values
close to 2 s per frame. As the plant grew and the number of detected pixels increased
(exceeding 600,000 in the last few days), the execution time of the combined method
gradually increased, approaching the time required to process the entire image. These
results indicate that YOLO-based automatic detection significantly reduces computational
time by restricting stereoscopic processing and 3D reprojection to regions of interest, while
preserving spatial accuracy. The ROI was key to effectively isolate the plant, ensuring that
morphological measurements were derived from the plant’s structure while minimizing
the influence of neighboring vegetation.

3.2. Analysis of Phenotyping Metrics

Figure 13 shows the temporal evolution of the height of six corn plants between
20 August and 6 September 2025, a period corresponding to the vegetative elongation
phase. Each curve represents an individual plant, with daily measurements expressed in
centimeters (cm) obtained from the point cloud reconstructed by detecting the ground plane
using RANSAC and subsequently estimating the maximum vertical distance (Znax) within
each plant region. As shown in Figure 13, all plants exhibit a sustained increase in height
throughout the monitoring period, demonstrating the system’s ability to capture growth
dynamics at daily resolution. However, the growth rate differs among the individuals
analyzed during the experiment, which is attributable to both biological variability and
microenvironmental effects (lighting, soil moisture, and leaf density). In particular, Plant 3
(green line) reached the highest recorded height, exceeding 60 cm, while Plant 6 (brown
line) showed the least growth, remaining below 40 cm at the end of the observation period.

The negative fluctuations observed on specific dates do not correspond to measure-
ment errors but rather to temporary structural alterations associated with leaf damage
from rain and wind, which temporarily altered the aerial architecture and the vertical
projection of the leaves. This behavior was confirmed by direct field visual inspection
and reflects the sensitivity of the stereo vision system to record actual physical changes in
plant morphology.
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Figure 13. Temporal evolution of plant height for six maize individuals between 20 August and
6 September. Each curve represents the height extracted from the 3D point cloud of an individual plant.

Considering only valid measurements, Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE) of 1.1 cm and 1.29 cm, respectively, were obtained, demonstrating
high stability in the three-dimensional estimates. These differences, of the order of 1 cm, are
consistent with the expected growth of plants over short intervals and can be attributed to
both slight environmental fluctuations and actual biological growth during the observation
period. In practical terms, these results demonstrate that the variation observed between
consecutive measurements does not arise from the vision system but from environmental
fluctuations or actual growth, confirming the robustness of the method to changes in
natural lighting.

Figure 14 shows the temporal evolution of the estimated three-dimensional volume
of the aerial part of the plants during the monitoring period. This parameter acts as a
structural indicator of biomass, reflecting the three-dimensional expansion of the canopy.
The results reveal a progressive increase in volume across all plants, with varying growth
slopes among individuals. Plant 3 reached the maximum value, close to 430 cm3, while
Plant 5 showed the lowest volumetric development, less than 105 cm3. The temporal
trend reflects a pattern consistent with corn vegetative growth, characterized by rapid leaf
expansion and a sustained increase in aerial volume. Non-invasive monitoring of this
parameter using 3D reconstruction demonstrates the system’s ability to quantify biomass
dynamics with daily resolution.

Regarding the physiological consistency of morphological metrics, Pearson’s correla-
tion coefficient yielded a value of r = 0.802 between plant height and three-dimensional
volume. These findings reveal a statistically significant and positive association (p < 0.05),
demonstrating that proportional expansions in estimated biomass typically parallelled
increases in plant height.

From a physiological perspective, this correspondence reflects a balance between
stem elongation and leaf development, characteristic of vegetative growth of maize plants.
However, the correlation was not perfect, suggesting differences in architecture between
individuals. In some cases, growth was laterally oriented, with longer leaves or inclined
stems, increasing volume without a significant change in height. This behavior is associated
with morphophysiological responses to environmental factors, such as light direction,
spatial competition, and mechanical stress caused by wind.
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Figure 14. Temporal evolution of the estimated aerial biomass volume of maize plants. Each curve
represents the voxel-based volumetric growth of an individual plant over the monitoring period.

3.3. Comparison Against a Commercial Reference System

Table 3 shows the MAE of the height measurements obtained with the proposed
system compared to the ZED 2i camera. Three independent measurements were taken
for each plant on 4-6 September. The MAE was calculated as the average absolute error
(AE) between the measurements of the proposed system and those recorded with the
ZED 2i camera, reflecting the average deviation from the reference system. The column
“MAE per plant” indicates the average individual error for each plant, considering the
three measurement dates. The results show that the proposed system reproduces height
measurements with high fidelity compared to the ZED 2i, achieving an overall MAE of
1.48 cm, demonstrating its accuracy and consistency in phenotypic data acquisition.

Table 3. Mean Absolute Error (MAE) between height measurements obtained with the proposed
system and the ZED 2i stereo camera. Each value represents the absolute difference for a single day,
and the last column shows the MAE across the three measurement days (4—6 September 2025).

Plant 4 September AE 5September AE 6 September AE MAE

1 37.76/37.5 0.26 36.61/39 2.39 40.91/40.17 0.74 1.13
39.93/40.2 0.27 41.76/40.5 1.26 46.33/43.2 3.13 1.55
47.53/49.5 1.97 51.18/51.2 0.02 53.21/51.9 1.31 1.10
46.66/47 .4 0.74 43.63/45.05 1.42 45.66/45.2 0.46 0.87
36.03/38.7 2.67 37.55/41.6 4.05 41.34/42.3 0.96 2.56
30.34/33.1 2.76 31.61/33.7 2.09 31.43/31.2 0.23 1.69

NUl =W IN

Figure 15a presents the global correlation between the height measurements obtained
with the proposed stereo-vision system and those recorded with the ZED 2i camera, pooling
all 18 paired observations collected over three consecutive measurement days. Each point
corresponds to a single plant on a given date, with ZED 2i measurements shown on the
X-axis and those from the proposed system on the Y-axis. The resulting regression exhibits
a strong linear relationship, with a coefficient of determination R? = 0.931, indicating that
more than 93% of the variance in the proposed system’s measurements is explained by
the commercial reference device. The regression line lies close to the identity line (y = x),
and the residuals remain limited across the entire height range, suggesting that the system
maintains consistent accuracy for both shorter and taller individuals. The absence of
any visible trend in the residual dispersion confirms the lack of proportional bias, while
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the interspersed distribution of points across different days demonstrates stability under
varying illumination and canopy configurations.
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Figure 15. (a) Global correlation between the height measurements obtained with the proposed stereo
vision system and the ZED2i camera across 4-6 September. Each point represents one plant on a
given day. The solid line corresponds to the linear regression fit (R? = 0.931). (b) Bland—-Altman plot
comparing height measurements from the proposed stereo system and the ZED 2i camera (n = 18).
The solid line indicates the mean bias (—0.66 cm), and the dashed lines show the limits of agreement
(—4.18 cm and 2.85 cm).

To complement the correlation analysis, we quantified the agreement between the
proposed system and the ZED 2i using several standard error metrics. The global MAE
was 1.48 cm, and the RMSE was 1.87 cm, indicating that both average and larger deviations
remained small. The MAPE of 3.67% shows that relative errors stayed below 4% across the
full range of plant heights.

A Bland-Altman analysis was also performed to evaluate systematic effects. The
mean bias was —0.66 cm (95% CI: [—1.56, 0.23] cm), and because the confidence interval
includes zero, no significant systematic overestimation or underestimation is present. The
limits of agreement ranged from —4.18 cm to 2.85 cm, with their respective confidence
intervals contained within agronomically acceptable ranges. These limits indicate that
95% of the measurements fall within approximately £3.5 cm of the reference device. The
Bland-Altman plot (Figure 15b) further confirms an even distribution of differences across
the height range, with no evidence of proportional bias.

4. Discussion

The obtained results demonstrate that the proposed stereo vision system is an efficient,
accurate, and low-cost alternative for the three-dimensional phenotypic characterization of
corn plants under real field conditions. The combination of automatic deep learning-based
detection and SGBM enabled the automation of acquiring and analyzing morphological
data, significantly reducing the manual intervention required in traditional photogramme-
try or direct measurement methodologies.

The low average reprojection error (0.374 px) confirms robust geometric calibration,
comparable to that reported for laboratory stereo systems [34]. This accuracy translates
into a depth resolution of around 2-3 mm, validating the suitability of the system for appli-
cations involving the reconstruction of delicate plant structures. Likewise, the low residual
vertical disparity and intercalibration stability demonstrate the mechanical rigidity of the
assembly and the repeatability of the acquisition process, critical factors in field contexts
where vibration and variable lighting often degrade the quality of stereo correspondence.
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Additionally, the YOLOv8n model achieved accuracy, recall, and mAP values greater than
0.98, with a standard deviation across folds of less than 0.02, demonstrating stable con-
vergence and strong generalization. These results are consistent with recent studies using
YOLO architectures for crop detection and segmentation [19,35]. The observed interfold
stability indicates that the model abstracts the distinctive morphological characteristics
of corn across varying lighting and shade conditions, supporting its applicability in real
agricultural settings.

On the other hand, reconstructing the point cloud using SGBM captured the plant
geometry within the detected region of interest with high fidelity. The accuracy of the
disparity map, along with subsequent filtering and reprojection using the Q matrix, enabled
the generation of clean, dense three-dimensional clouds without significant loss of leaf
information. The average height error (MAE ~ 1.48 cm) is comparable to those reported
in reference stereo systems such as the ZED 2i or RealSense D435i [12,36]. Moreover, the
consistency of complementary agreement indicators—including RMSE, relative error, and
the Bland—-Altman analysis, which shows a small, non-significant bias and narrow limits of
agreement—confirms that the reconstruction pipeline maintains stable performance across
varying plant sizes and field conditions.

It is noteworthy that while both height and volume were extracted from the 3D
reconstructions, direct validation was performed exclusively for height. Although we
estimated the plants” height and volume, as described in Section 2.2.3, height estimation
from 3D point clouds is inherently more objective and metrologically tractable than volume
estimation. Particularly, plant height can be directly and unambiguously measured using
conventional methods (rulers, lidar systems, or commercial stereo cameras like the ZED2i)
as a reference measurement (ground-truth). In contrast, volumetric measurements of live
plants are challenging and lack a universally accepted ground-truth methodology, and
comparisons can be system- or algorithm-dependent. Besides, volume estimations depend
on a comprehensive 3D reconstruction of the entire plant structure, which is influenced by
accurate segmentation of all leaf surfaces and occlusions or overlapped regions. Therefore,
the estimated biomass was included to corroborate that plant height does not follow a
strictly linear pattern. Moreover, the positive correlation between height and volume
(r = 0.802) confirms that increases in plant height typically parallel proportional increases
in estimated biomass.

Finally, integrating automatic detection, stereo reconstruction, and morphological anal-
ysis on a low-power embedded platform opens new possibilities for real-time phenotyping
and autonomous crop monitoring. In practical terms, the system can be scaled to mobile
devices or terrestrial drones for continuous measurements without human intervention.

5. Conclusions

This study presented the design, implementation, and validation of a low-cost stereo
vision system for 3D phenotyping of maize plants under real field conditions. The integra-
tion of deep-learning-based ROI detection (YOLOv8n) with SGBM enabled an automated,
non-invasive workflow that captured structural plant traits with millimetric accuracy. The
stereo calibration achieved sub-pixel reprojection errors, ensuring geometric stability and
depth precision of approximately 2-3 mm within the working range. The detection model
reached high performance with low cross-fold variability, demonstrating robust gener-
alization to variations in illumination and shadow. Disparity-based 3D reconstruction
yielded accurate height estimates (MAE = 1.1 cm; RMSE = 1.29 cm) and volumetric mea-
surements strongly correlated with plant height, confirming the system’s ability to quantify
phenotypic growth dynamics reliably.
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Compared with a commercial stereo camera, the proposed setup reproduced
height measurements with high fidelity, confirming its metrological reliability and cost-
effectiveness. A comprehensive method-comparison analysis was conducted in accordance
with established metrological guidelines, and the global error metrics demonstrate that the
system maintains centimeter-level accuracy across all measurement days. Likewise, the
Bland—-Altman analysis further validates its robustness, revealing a non-significant mean
bias of —0.66 cm (95% CI: [—1.56, 0.23] cm) and narrow limits of agreement (—4.18 cm to
2.85 cm), with confidence intervals fully contained within agronomically acceptable ranges.
These findings confirm that the system introduces neither systematic nor proportional error
and that it performs consistently across the entire measured height range.

The obtained results position the proposed system as a viable alternative for low-
cost field phenotyping, particularly in research or precision-agriculture contexts where
portability, autonomy, and affordability are essential. The inclusion of a statistically rigorous
agreement analysis significantly strengthens the system’s validation and demonstrates its
potential for reliable deployment in real-world agricultural conditions.

Finally, future work will focus on expanding the dataset to include different crop
species and growth stages, enhancing segmentation accuracy through semantic and self-
supervised learning, and integrating multispectral and thermal imaging for joint struc-
tural-physiological analysis. Additionally, deploying the platform on mobile or robotic
units will enable large-scale, real-time phenotyping aligned with the vision of Agro 4.0 and
smart farming.
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Abbreviations

The following abbreviations are used in this manuscript:

CVAT Computer Vision Annotation Tool
MAE Mean Absolute Error

RANSAC Random Sample Consensus

ROI Region of interest

RMSE Root Mean Square Error

SGBM Semi-Global Stereo Matching

3D Three-dimensional
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