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Integrating Robotics, Computer Vision, and Al for Automated Stand Count
and Vigor Assessment in Cornfields

Abstract

Accurate stand counts and early vigor assessment are critical for precision agriculture decisions
such as replanting, variable-rate input management, and yield forecasting. Manual counting
and scoring are time-consuming, prone to observer bias, and difficult to scale across large
fields. This study presents a hybrid computer-vision pipeline that combines OpenCV-based
vegetation segmentation with YOLO (You Only Look Once) v-8 verification to detect and
count corn plants under variable field conditions. Data were collected using an AgileX Scout
Mini ground robot equipped with an Intel RealSense D4351 RGB-D camera and a ROS2 data
capture workflow. The robot records fixed-length video segments of approximately 17 ft 5 in
(5.33 m), representing 1/1000th of an acre at 30-inch row spacing, across two management
zones (Green and Orange) that differ in agronomic conditions. Captured video segments are
processed through a multi-stage workflow: candidate vegetation regions are segmented using
OpenCV, YOLOVS confirms plant instances, and temporal tracking enforces persistence to
reduce false positives and prevent duplicate counting. In addition to stand counts, the method
computes a composite vigor score using plant size, stem/morphological structure, and color-
based metrics. The proposed approach achieved an average stand-count accuracy of 96.67%
compared with seed maps. Results indicate a density—vigor trade-off between zones: the green
zone showed higher plant density (30,330 plants/acre) with slightly lower mean vigor (56.61),
while the orange zone had lower density (26,750 plants/acre) with slightly higher vigor (58.05).
Overall, this hybrid OpenCV-YOLOV8 pipeline demonstrates a practical path for field-
deployable stand counting and vigor scoring that can integrate into precision agriculture
workflows for decision support.

1.0 Introduction

The ability to precisely quantify and collect stand counts and assess vegetation, such as vigor data,
in the early stages of crop growth is a cornerstone of precision farming. These details are critical
for making agronomic decisions, including whether to replant, adjust fertilization, or modify the
watering system as per data. Traditionally, stand counts have been performed using the "1/1000th-
acre methodology"[1]. Manual counting in farming, especially plant counts, row length, and
extrapolating to per-acre quantitative calculations, has been proven successful in principle, but this
methodology is labor-intensive, prone to sampling bias, and difficult to apply on a larger scale.

Simultaneously, vigor assessment, such as evaluating plant size, color, density, and structural
robustness, has typically been a subjective visual exercise conducted by trained agronomists. The
variability inherent in human assessment introduces inconsistencies, particularly across large
teams or extended timeframes.

High-throughput phenotyping has advanced rapidly through imaging, sensors, and automated
analysis pipelines. Image-based phenotyping enables scalable measurement of plant traits and
supports breeding and agronomic decision-making [2-5]. Broader phenomics efforts emphasize
the need to connect sensors to actionable agronomic knowledge [6, 7]. In parallel, deep-learning



object detectors (e.g., YOLO-family models [8]) have been applied to agricultural scenes, but field
conditions such as illumination changes, occlusion, and background clutter still create reliability
challenges. Reviews of agricultural computer vision literature highlight that practical systems
often benefit from combining traditional computer vision steps (e.g., segmentation and filtering)
with deep learning for robust verification [9-11].

2.0 Objective

Existing automated plant stand counting systems mostly rely on two different approaches: deep
learning techniques or traditional computer vision, such as OpenCV. Deep learning approaches
require large, annotated datasets and
intensive  computing resources for
training, whereas computer vision-only
systems face issues of reduced robustness
in variable lighting, obstruction, or
growth stage conditions. This study
addresses the need for a hybrid approach
that leverages the interpretability and
efficiency of traditional CV for the initial
candidate systematic recognition.
YOLOv8 was employed for consistent,
reliable, and systematic confirmation under different field conditions, and temporal tracking was
integrated to ensure persistence-based tracking and confirmation of plants. Furthermore, the
system produces not only counts but also detailed vigor metrics of a plant.

Figure 1: Green and Orange Seeding Zones

The primary objective of this study was to initiate the development a farm-deployable plant and
vegetation tracking system by integrating a conceptual systemic structure combining the OpenCV
system with YOLOVS8 object recognition. Temporal tracking was implemented to eliminate false
positives and duplicate counting of plants. A composite vigor scoring system structure
incorporating morphological, structural, and color-based features of a plant was created. Finally,
the study aimed to evaluate operational effectiveness under two different farming conditions
(Green and Orange zones with seeding variability, see Figure 1) and determine vegetation density
and vigor.

3.0 Materials and Methods

Field data were collected using an AgileX Scout Mini ground robot equipped with an Intel
RealSense D4351 RGB-D camera ( Figure 2) . The D4351 provides RGB and depth streams (depth
range approximately 0.2—10 m) and includes an IMU to support orientation tracking during
motion. The camera can capture high frame rates (up to 90 fps), enabling stable sampling under
field movement and wind. The robot ran ROS2 Foxy on an onboard computer. A custom-built
ROS2 node was utilized to obtain RGB video frames, depth frames, and the odometry of the
wheels. Odometry-based triggering was used to automatically record fixed-length video segments
(17 ft. 5 inch). Each segment was labeled using a standardized naming convention (plot ID,
segment number, timestamp) to support repeatable analysis and comparison across sampling
locations. Two cultivation zone conditions were targeted: the Green Zone (G) with a higher
seeding rate and the Orange Zone(O) with a lower seeding rate (Figure 1).



Seven random segments were
collected from these two zones,
including G segments rs_005,rs 011,
and rs_012, and O segments rs_019,
rs_020, rs 021, and rs_023. Several
challenges were faced during data
collection. These included lighting
variations owing to cloud movement
and time-of-day differences which
affect color-based segmentation;
plants with wider leaves that overlap
in later growth stages mimicking
stems causing partial obstruction;

Figure 2: AgileX Scout Mini with Intel RealSense D435i weed interference from small weeds

with broad leaves occasionally

mimicking crop signatures, leading to false positives; and wind-induced motion which blurred
some frames and temporarily obscured stems with leaves, as well as camera vibrations from
uneven terrain causing positional noise. The data processing pipeline was designed as a
multilayered approach by integrating both traditional computer vision (OpenCV) methods and
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Figure 3: Processing Pipeline (Computer
Vison-Deep learning ‘CV-DL’)

deep learning (YOLOV8) to achieve highly
precise detection performance under different
field conditions (Figure 3). This multilayered
method also provides the flexibility to adjust the
parameters for different growth stages and field
conditions while maintaining robustness against
obstruction, lighting changes, and weed
interference. Each collected video segment of
approximately 17 ft 5 in (1/1000th acre) was
processed through a sequence of operations. First,
RGB frames were extracted from the recorded
video at 15-30 fps, and depth frames were stored
in parallel for potential use in later 3D
reconstruction. Next, vegetation and stem
segmentation using OpenCV involved HSV-based
masking to identify vegetation pixels and
morphological filtering to emphasize plant stems
and reduce noise. This was followed by plant
detection using a trained YOLOv8 model, with
detections cross-verified against the OpenCV-
based stem candidates. Temporal tracking was
then implemented to ensure persistent plant
tracking across consecutive frames to avoid

duplicate counting. Vigor metrics were computed using per-plant measurements (size, stem, and
color) via pixel-based calculations to determine a composite vigor score. Finally, plant counts and
vigor summaries were exported to CSV files for further analysis and validation, and annotated

videos were created for visual verification.

For the identification process, each frame was



converted from RGB to the HSV color space, which distinguishes chromatic content from intensity
and provides robustness against changing lighting conditions. Vegetation masking parameters
were optimized for early to mid-growth stages with a Hue range of 32—88, Saturation of 28-255,
and Value of 28-255. Morphological operations included closing with a 7x5 kernel to fill small
gaps and opening with a 5x5 kernel to remove isolated noise pixels. These steps produced a binary
vegetation mask capturing leaf area while excluding background pixels. As corn plants have a
strong vertical stem structure, a vertical morphological kernel (15x3) was applied to enhance stem
features. Stem candidate filtering used specific criteria: a minimum height of at least 48 pixels, a
height-to-width ratio of at least 2.0, and a stem-pixel density threshold of at least 0.3 (ratio of stem
pixels to bounding box area). These parameters helped rule out low-lying weeds and horizontal
leaf clusters, focusing only on the upright growth form of corn stems (see Figure 4). The YOLOvVS
(You Only Look Once, Version 8 [8]) object detection model was integrated as a secondary
validation step for the OpenCV detections. YOLOv8n (nano) was used for edge deployments on
devices like the Scout Mini with limited computing power, while YOLOv8s (small) was used for
more accurate detections on a GPU-enabled laptop. Training and fine-tuning utilized base weights

from (Common Objects in Context) COCO-pretrained models [12], transfer learning with a
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Figure 4: Visualization and Stem Detection Pipeline

custom dataset of 2,000 annotated corn plant images, and specific inference parameters including
a confidence threshold of 0.25 and an Intersection over Union (IoU) threshold of 0.45, with a class
filter for "plant" only. The final detection set for each frame was determined by comparing
OpenCV-based stem detections and YOLOV8 detections using an Intersection-over-Union (IoU)
threshold of 0.5. If both methods detected the same plant (IoU >0.5), it was accepted as cross-
verified. If YOLOvVS detected a plant not found by OpenCV, it was included only if its confidence
score exceeded 0.5. If OpenCV found a plant not confirmed by YOLOVS, it was included only if
its stem density exceeded 0.4. This condition-based approach minimized both false positives and
false negatives. Field testing revealed that parameters needed adjustment according to the corn
plant growth stage [13] for accurate results. For the early stage (V2-V4), a lower stem density
threshold (0.25) and wider HSV hue range were used. For the mid stage (V6—V8), a stricter stem
height requirement (> 60 px) and adjusted morphological kernels were implemented due to higher
leaf overlap. In the late stage (Pre-Tassel), reliance on YOLOVS cross-verification increased due
to obstruction, and the role of stem detection was reduced in favor of whole plant bounding boxes.
The primary challenge in plant detection from videos is to avoid duplicate counting as the camera
moves along the row. Inconsistent or false detections caused by obstructions, lighting changes, or
model errors can lead to incorrect counts. To resolve these issues, a temporal tracking module was
implemented that creates and maintains plant identities across consecutive frames of the video.
Tracking objectives included creating a unique ID for each plant, distinguishing between new and
existing plants, handling obstructions without deleting IDs prematurely, and feeding per-plant
temporal data into the vigor scoring module. The tracking algorithm operates after the hybrid
detection stage. Detection extraction involves using bounding boxes and center coordinates.



Spatial association uses a distance-based matching algorithm with a threshold of 45 pixels. Overlap
verification requires at least 30% IoU. ID assignment follows the match results, and a persistence
rule requires a plant to exist in at least seven consecutive frames to be confirmed. Lost frame
tolerance allows a plant ID to remain active even if it disappears for up to 10 frames. For each
tracked plant ID, the system logs bounding box coordinates per frame, pixel height/width,
vegetation area, color statistics, stem indicator, and per-frame vigor components. These time-series
features support robust averaging and segment-level summaries. The temporal tracking approach
reduces duplicate counts, improves robustness to environmental changes, and stabilizes vigor
estimation by averaging measurements across frames. The vigor scoring component converts raw
per-plant data into a quantitative measure of plant health on a 0-100 scale. This allows for easy
comparison of plant health across conditions. Vigor scoring combines plant size, structure, and
canopy color quality into one objective, repeatable index. The composite vigor score was
calculated as a weighted sum of five component scores:

VigOI‘ Score = w Ssize + W"Sheight + Wy Scolor + W$Sdensity + Wos Sstem (1)
Where:

e Ssize = Normalized size score from plants canopy area (pixels?)

e Sheight = Normalized height score from plants height (pixels)

e Scolor = Color health score based on hue, saturation and color uniformity
e Sdensity = Canopy density score reflecting leaf fullness

e Ssiem = Stem robustness score based on stem presence and thickness

The weights were selected based on empirical trials and agronomic input, and component scores
were calculated and then averaged across frames. Vigor components are interpreted with the
growth stage in mind, and final scores are mapped to qualitative categories for interpretation.

For each 17 ft. 5 in. segment, the system generates a summary CSV file with the average vigor
score, a detailed CSV file with all plant data, and an annotated video with color-coded bounding
boxes. In corn crops, stand counts are traditionally converted to plants per acre using the 1/1000th
acre measurement [11]. An acre is 43,560 square feet, so 1/1000th is 43.56 square feet. For 30-



inch row spacing, the corresponding row length is approximately 17.42 ft, or 17 ft 5 inch. By
collecting video segments of this length, each segment directly represents 1/1000th of an acre. For
each segment, confirmed plant IDs from the temporal tracking module are counted once. Segment
vigor is the mean of all per-plant vigor scores within that segment. Plants per acre are calculated
as plants per segment multiplied by 1000. Zone-level aggregation averages these metrics across
all segments for comparison between zones. This links density to vigor, supporting management
decisions. Vigor components are interpreted with growth stage in mind, because early stages
emphasize canopy size and color, while later stages rely more on structure and stem robustness.
Final vigor scores are mapped to qualitative categories for interpretation. Figure 5 illustrates a
sample annotated video frame showing detected plants with vigor based color coding.

4.0 Results and Discussion

The following results were obtained from seven 1/1000th-acre segments collected across the two
cultivation zone conditions. The G zone condition produced approximately 13.4% higher plant
density than the O zone, while the O zone condition produced plants with approximately 2.5%
higher average vigor scores. The measured plant counts matched the seed application rates with
an average accuracy of 96.67%. Data analysis revealed an inverse relationship between plant
density and average vigor score, illustrating a density—vigor trade-off between the zones (as shown
in Tables 1 and 2 below)

Table 1: Per-Segment Plant Counts, Plants/ Acre, And Average Vigor Scores
Sample ID| Zone | Plants (Row Plants/acre| Avg. Vigor Score
Count)
rs_005 G 29 29,000 55.49
rs 011 G 31 31,000 57.21
rs 012 G 31 31,000 57.14
rs 019 0) 26 26,000 57.63
rs 020 O 27 27,000 58.12
rs 021 O 26 26,000 57.75
rs_023 0) 28 28,000 58.72

Table 2: Mean of Zone Plants Counts/Segment, Plants/ Acre, Vigor Scores

Zone Mean Plants per Segment| Plants/acre| Mean Vigor Score
G 30.33 30,330 56.61
O 26.75 26,750 58.05

The results of this study provide both agronomic insights and technical validation for the hybrid
computer vision — deep learning (CV-DL) pipeline deployed in operational corn field conditions.
The clear density-vigor trade-off is consistent with increased competition for resources at higher
populations. The hybrid pipeline achieved high stand count accuracy, with cross-verification and
temporal tracking improving reliability. The system's strengths include its hybrid workflow,
adaptability, real-time potential, and comprehensive output. Limitations include lighting
variability, dense canopy obstruction, weed interference, computational load, and the need for
stage-specific parameter tuning.



Although the system demonstrated strong overall performance, several limitations and challenges
remain. Variability in lighting conditions, particularly sudden changes in sunlight, can alter color
values and negatively affect vegetation masking as well as YOLO detection confidence scores. As
the crop progresses into later growth stages, dense canopy formation and overlapping leaves can
obstruct stem visibility, reducing the accuracy of stem-based detection and increasing reliance on
the YOLO model. In addition, small weeds that share similar color and structural characteristics
with young corn plants occasionally pass the detection filters, leading to false positives. The
computational demands of running YOLOVS in real time also present a challenge, as effective
deployment typically requires GPU acceleration and necessitates lightweight model variants for
edge-based systems. Furthermore, achieving optimal accuracy currently requires manual
parameter tuning across early, mid, and late growth stages, highlighting the need for an automated,
growth-stage-aware adaptation mechanism to improve usability.

When compared with existing approaches, the proposed hybrid pipeline offers several advantages.
Relative to deep learning—only methods, it reduces dependence on large, labeled datasets while
maintaining interpretability through explicit segmentation and rule-based verification. In contrast
to traditional OpenCV-only approaches, the inclusion of YOLO-based verification improves
robustness under real-world field variability that often violates strict color and shape assumptions.
Compared with manual 1/1000th-acre plant counts, the system minimizes human bias, enables
broader spatial sampling in significantly less time, and provides additional plant health and
structural metrics beyond conventional population estimates.

Building on these findings, future improvements will focus on increasing robustness, scalability,
and autonomy. Planned enhancements include adaptive parameter adjustment to automatically
tune HSV thresholds, stem height filters, and YOLO confidence levels in response to changing
lighting conditions and crop growth stages. Incorporating 3D plant structure analysis using
RealSense depth data would enable more accurate estimation of plant height, volume, and biomass.
Expanding the YOLO model to support multi-class detection would allow simultaneous
identification of weeds, pest damage, and disease symptoms alongside crop plants. Finally,
optimizing the pipeline for edge computing through deployment of lightweight YOLO variants on
embedded GPU platforms would support fully autonomous, real-time field operation.

5.0 Conclusion and Educational Implications

This work demonstrates how contemporary artificial intelligence tools—specifically modern
object detection frameworks initialized with large-scale pretrained models—can be meaningfully
integrated into engineering and STEM education and research while addressing real-world
challenges in agriculture and autonomous systems. Beyond the technical performance of the
detection pipeline, the project highlights an instructional approach that bridges theory, data, and
application, offering participants an authentic learning experience grounded in current practices.

From an educational perspective, the use of COCO-pretrained YOLOvVS models provides a
practical entry point for students to engage with state-of-the-art computer vision without the
prohibitive data and computational requirements associated with training deep networks from
scratch. By leveraging transfer learning, students are able to focus on higher-level concepts such
as dataset curation, model adaptation, threshold selection, validation, and deployment trade-offs.
This shift in emphasis—from algorithmic derivation alone to system-level reasoning—aligns well
with ASEE’s emphasis on preparing students for modern, interdisciplinary roles.



The project also reinforces the value of contextual learning. Framing object detection within the
domain of crop monitoring, phenological assessment, or field robotics and instrumentation allows
students to connect abstract concepts in machine learning to tangible outcomes such as plant
growth stage identification, stress detection, or autonomous navigation. This domain grounding
enhances student motivation and supports deeper conceptual understanding, particularly for
learners who benefit from applied, problem-driven instruction. Importantly, the approach is
flexible and can be adapted to other application areas, making it suitable for integration across
multiple engineering and/or STEM courses, laboratories, or capstone experiences.

In addition, the work supports inclusive and STEM education. The use of open-source tools,
publicly available pretrained models, and modest hardware requirements lowers barriers to
participation, enabling implementation at minority-serving institutions and resource-constrained
programs. Students with diverse academic backgrounds—including those with limited prior
exposure to artificial intelligence—can meaningfully contribute to the project through data
annotation, experimental design, performance analysis, and system integration. Such distributed
engagement fosters teamwork, builds confidence, and supports equitable participation in emerging
technology areas.

From a workforce development standpoint, the skills emphasized in this work—model evaluation,
threshold tuning, domain adaptation, and ethical use of pretrained systems—are directly
transferable to industry and research settings. Students gain experience not only in using advanced
Al tools, but also in critically assessing their limitations, an increasingly important competency as
pretrained and foundation models become ubiquitous across STEM disciplines. Exposure to these
considerations prepares graduates to be thoughtful practitioners who can responsibly deploy Al-
enabled systems in societally relevant contexts.

By situating Al-based perception within agricultural and environmental applications, the project
illustrates how engineering solutions can contribute to sustainability, food security, and data-
driven decision making. Such framing aligns strongly with ASEE’s mission to advance
engineering and STEM education that is socially responsive, interdisciplinary, and forward-
looking.
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