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Abstract

Object detection is essential for precision agriculture applications like automated plant
counting, but the minimum dataset requirements for effective model deployment remain
poorly understood for arable crop seedling detection on orthomosaics. This study in-
vestigated how much annotated data is required to achieve standard counting accuracy
(R² = 0.85) for maize seedlings across different object detection approaches. We system-
atically evaluated traditional deep learning models requiring many training examples
(YOLOv5, YOLOv8, YOLO11, RT-DETR), newer approaches requiring few examples (CD-
ViTO), and methods requiring zero labeled examples (OWLv2) using drone-captured
orthomosaic RGB imagery. We also implemented a handcrafted computer graphics al-
gorithm as baseline. Models were tested with varying training sources (in-domain vs.
out-of-distribution data), training dataset sizes (10–150 images), and annotation quality
levels (10–100%). Our results demonstrate that no model trained on out-of-distribution
data achieved acceptable performance, regardless of dataset size. In contrast, models
trained on in-domain data reached the benchmark with as few as 60–130 annotated images,
depending on architecture. Transformer-based models (RT-DETR) required significantly
fewer samples (60) than CNN-based models (110–130), though they showed different toler-
ances to annotation quality reduction. Models maintained acceptable performance with
only 65–90% of original annotation quality. Despite recent advances, neither few-shot nor
zero-shot approaches met minimum performance requirements for precision agriculture
deployment. These findings provide practical guidance for developing maize seedling
detection systems, demonstrating that successful deployment requires in-domain training
data, with minimum dataset requirements varying by model architecture.

Keywords: object detection; maize seedling counting; dataset requirements; transformer
models; precision agriculture; annotation quality; few-shot learning; orthomosaic imagery;
agricultural computer vision

1. Introduction
1.1. Arable Crop Plant Counting by Object Detection

Plant counting is a critical operation in precision agriculture, plant breeding, and
agronomical evaluation. Accurate plant detection and counting in agricultural applications
serves multiple critical functions:

Remote Sens. 2025, 17, 2190 https://doi.org/10.3390/rs17132190

https://doi.org/10.3390/rs17132190
https://doi.org/10.3390/rs17132190
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0009-0002-5482-8375
https://orcid.org/0000-0003-4570-8013
https://doi.org/10.3390/rs17132190
https://www.mdpi.com/article/10.3390/rs17132190?type=check_update&version=2


Remote Sens. 2025, 17, 2190 2 of 28

1. Crop Establishment Assessment: Early-season seedling counts determine whether or
not replanting is necessary, directly affecting yield potential and economic returns [1].

2. Precision Agriculture: Individual plant locations enable variable-rate application of
inputs (fertilizers, pesticides) and selective harvesting, reducing costs and environ-
mental impact [2].

3. Plant Breeding Programs: Automated counting accelerates phenotyping workflows,
enabling evaluation of larger populations and more traits [3].

4. Insurance and Compliance: Standardized counting methods support crop insurance
assessments and regulatory compliance for agricultural subsidies [4].

5. Research Applications: Consistent counting methods enable meta-analyses across
studies and reproducible research in agronomy [5].

Traditionally performed manually, this labor-intensive task is increasingly automated
through computer vision algorithms.

To validate any counting method, establishing a performance benchmark is essential.
Such benchmarks can derive from manual counting accuracy, international standards, or
comparison with established methods. According to the European Plant Protection Orga-
nization, acceptable plant counting methods must achieve a coefficient of determination
(R²) of 0.85 when compared to manual counting [5], corresponding to a Root Mean Square
Error (RMSE) of approximately 0.39. This same benchmark (R² = 0.85) is widely recognized
in the scientific literature [6].

In agricultural applications specifically, object detection offers advantages over
regression-based counting methods. Studies show object detection not only achieves
superior accuracy [6] but also provides geographical plant coordinates when applied to
georeferenced orthomosaics, rather than just density estimates. The validation of this
ability relies on metrics such as Intersection over Union (IoU), Average Precision (AP),
and Average Recall [7] rather than on the coefficient of determination.

Georeferenced orthomosaics—created through aerial photogrammetry from over-
lapping images with Ground Control Points (GCPs) [8]—are particularly valuable for
agricultural counting applications. Their fixed scale and orientation to geographical co-
ordinates simplify object detection by providing consistent object sizes and eliminating
perspective distortion. However, georeferenced orthomosaics also present certain limita-
tions. Georeferencing errors due to low-quality or insufficient GCPs, or reliance on onboard
GNSS/IMU systems, can significantly reduce spatial accuracy. This is particularly the case
in datasets derived from unmanned aerial vehicles [9,10]. Moreover, distortions may persist
in areas with high relief or vegetation canopy variability if digital elevation models are
inadequately detailed [11,12]. Finally, computational demand and processing time during
photogrammetric reconstruction remain a constraint, particularly for high-resolution or
large-area orthomosaics [13].

Like many computer vision tasks in specialized domains, agricultural plant counting
suffers from data scarcity [14]. Public datasets are limited and often lack critical information
like orthorectification parameters or precise scale information. To focus our investigation,
we selected grain maize seedlings (Zea mays L.) at the V3–V5 growth stage [15] as our case
study, as this crop is well represented in both the scientific literature [16,17] and public
repositories [18,19].

Maize, the world’s highest-production crop [20], offers ideal characteristics for object
detection at this growth stage. Its regular planting pattern with defined inter-row and
intra-row spacing, minimal overlapping, and distinctive appearance makes it suitable for
automated counting. These characteristics are shared by other row crops like sunflower
(Helianthus annuus L.) and sugarbeet (Beta vulgaris L.), potentially making our findings
applicable to a broader range of agricultural scenarios [21].
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1.2. Evolution of Object Detection Methods

The broader field of object detection has evolved from non-machine learning methods,
here named Handcrafted (HC) methods, to sophisticated Deep Learning (DL) approaches.
Handcrafted methods rely on explicitly programmed rules and traditional computer vision
techniques such as color thresholding, edge detection, and morphological operations to
identify objects. These approaches require domain expertise to design feature extraction
algorithms but offer interpretability and computational efficiency [16,22]. While state-of-the-
art detection now relies primarily on DL, HC methods still find application in agricultural
contexts [16,23].

Modern DL object detection architectures fall into two main categories: those based
on Convolutional Neural Networks (CNNs) [24] like Faster R-CNN [25] and YOLO [26],
and those employing Transformer architectures [27] like DETR [28], or hybrid approaches
combining both paradigms. The fundamental difference lies in how images are pro-
cessed—CNNs use grid-based convolutions while Transformers process image patches
using attention mechanisms [29].

On standard computer vision benchmarks like COCO [7] and ImageNet [30],
Transformer-based approaches generally outperform CNN-based models in accuracy [31].
However, in agricultural applications specifically, CNN-based architectures like YOLO
variants remain widely used due to their efficiency with smaller images and lower com-
putational requirements [32,33]. For agricultural deployment with limited training data,
Transformer-based models may offer advantages in fine-tuning scenarios [34,35].

For our comparative analysis of agricultural object detection approaches, we selected
representative architectures from both paradigms. From the CNN family, we chose YOLOv5
and YOLOv8 due to their widespread agricultural adoption [33]. From Transformer-mixed
architectures, we selected RT-DETR [36] and YOLO11 [37], which demonstrate state-of-the-
art performance on standard benchmarks.

1.3. Data-Efficient Detection Methods

A critical challenge in agricultural object detection is the high cost of data annotation.
Recently, emerging paradigms like zero-shot and few-shot object detection offer potential
solutions by reducing or eliminating annotation requirements. These approaches differ
fundamentally from traditional “many-shot” detectors in their data needs.

In few-shot detection, models learn to identify objects from minimal examples—often
just 1–30 annotated instances (or “shots”). These methods typically leverage feature transfer
or meta-learning [38] to generalize from limited data. The agricultural potential of such
approaches is significant, as they could drastically reduce annotation burden for new crop
varieties or growth stages.

Zero-shot detection represents the extreme case where models detect novel objects
without any labeled examples by exploiting semantic relationships or contextual informa-
tion learned from other classes [39]. State-of-the-art zero-shot detectors include YOLO-
World [40], OWLv2 [41], and Grounding DINO [42].

While these data-efficient approaches show promise in general computer vision tasks,
their effectiveness for agricultural applications remains largely unexplored. For maize
seedling detection specifically, only two studies have investigated few-shot methods [43,44],
with neither achieving benchmark performance or clearly specifying shot counts. No
studies have yet evaluated zero-shot detection for maize seedling counting.

1.4. Dataset Requirements for Agricultural Object Detection

While general object detection benchmarks provide standardized evaluation, they
poorly represent agricultural conditions. Numerous studies have addressed plant detection
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in field settings [17,45,46], but few have systematically investigated minimum dataset
requirements for robust performance [16,47].

This knowledge gap creates significant challenges for practitioners who must de-
termine how much data to collect and annotate for effective deployment. The agricul-
tural domain’s unique characteristics—variable environment, specific plant phenotypes,
and orthomosaic imagery—may substantially alter data requirements compared to general
computer vision tasks.

General deep learning principles suggest model performance correlates strongly with
training data quantity [48] and quality [49]. These relationships can be modeled using em-
pirical approaches [50,51]. Other factors affecting minimum dataset requirements include
model architecture [52], backbone selection [53], and data augmentation strategies [54].

The most critical factor, however, appears to be dataset source. Studies consistently
show that using in-domain data (from the same distribution as the inference target) dra-
matically improves accuracy while reducing required dataset size compared to out-of-
distribution training [16,47]. This finding has profound implications for agricultural de-
ployment scenarios.

1.5. Study Aim

This study aims to establish the minimum dataset requirements for accurate
maize seedling detection in georeferenced orthomosaics across different object detection
paradigms. Here, the dataset size and quality are respectively defined as the amount of
annotated images in the training set and the accuracy of the annotations. In particular,
the annotation quality is defined as the percentage of correct annotations relative to the
total ground truth annotations present in each image, with 100% representing perfect
annotations where every plant is correctly identified and bounded. For example, if an
image contains 10 plants and the annotator correctly identifies and bounds 8 of them,
the annotation quality for that image would be 80%. To simulate varying annotation quality
levels, we systematically removed a percentage of existing annotations from our complete
ground truth dataset, effectively simulating scenarios where human annotators miss a
certain proportion of plants due to factors such as time constraints, fatigue, or challenging
visual conditions. This approach allows us to evaluate how robust different models are
to incomplete annotations, which is a common real-world scenario in agricultural appli-
cations where exhaustive annotation can be prohibitively expensive or time-consuming.
Specifically, we investigate the following:

1. How training data source (in-domain vs. out-of-distribution) affects required
dataset size

2. Minimum dataset size needed to achieve benchmark performance (R² = 0.85) for
different model architectures

3. Minimum annotation quality required to maintain benchmark performance
4. Whether or not newer few-shot and zero-shot approaches can meet agricultural

performance standards with reduced annotation requirements
5. The potential role of handcrafted methods in modern deep learning pipelines

By systematically varying training dataset size (10–150 images), annotation quality
(10–100%), and evaluating diverse architectures (CNN-based, Transformer-based, few-
shot, and zero-shot), we provide comprehensive guidance for implementing efficient
maize seedling detection systems. Our findings establish empirical relationships between
dataset characteristics and model performance, offering practical insights for optimizing
the annotation effort versus detection performance trade-off in agricultural object detection.
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2. Materials and Methods
2.1. Datasets

The datasets used in this study to train the object detection models for maize seedling
counting are nadiral or supposedly nadiral images of maize seedlings at the V3–V5 growth
stage, or estimated so. The V3–V5 growth stage is defined by the BBCH scale as the stage
where the third to fifth leaf is unfolded and the plant is 15–30 cm tall [15].

This study uses two dataset sources as training sets: the Out-of-Distribution (OOD)
dataset and the In-Domain (ID) dataset. The ID datasets are from the same source as the
testing dataset, while the OOD datasets are not. The OOD datasets are composed of images
from scientific literature [16,55] and from internet repositories [18,19]. The ID datasets were
collected during this study. This ID dataset creation consisted of capturing nadiral images of
three study areas with a Phantom 4 Pro v2.0 (DJI, Shenzhen, China) drone equipped with its
default series RGB camera at about 10 m above ground for a Ground Sampling Distance (GSD)
of 2.7 mm/pixel. The number of images captured depends on the study area size, which was
about 2 hectares for the ID_1 location and about 1 ha for the other two. For each location,
an orthomosaic was created using photogrammetric software. Bundle adjustment error was
estimated as 38 mm using the GCPs surveyed by GNSS operating in VRS-NRTK mode.
The orthomosaics were generated with an average GSD of 5 mm/pixel in the WGS84/UTM
32 N reference system. We chose this GSD because it is the minimum GSD that allows the
detection of maize seedlings at the V3–V5 growth stage with a nadiral camera [56].

The OOD scientific datasets consist of tiles of georeferenced orthomosaics of maize
seedlings from the scientific literature. The OOD internet datasets consist of RGB images
of maize seedlings from internet repositories. The ID datasets were collected during this
study and consist of tiles of georeferenced orthomosaics of maize seedlings of known scale.
The OOD scientific datasets and the ID datasets are composed of tiles of georeferenced
orthomosaics of known scale, while the OOD internet datasets are simple RGB images
of unknown scale. All the OOD datasets came with annotations, while the ID datasets
were manually annotated. The OOD dataset annotations are rectangular bounding boxes
centering on an individual plant stem. ID dataset annotation was done during this study by
an agronomist by observing the entire orthomosaic in a Geographical Information System
(GIS) environment, with the tile grid overlapping the orthomosaic to focus on target tiles
without losing the surrounding context, so without losing bordering plants. Annotations
were created as squared bounding boxes of a size length equal to the minimum distance
between two plants in the row, with each box centered on an individual seedling stem.

Table 1 summarizes the datasets used in this study.

Table 1. Summary of datasets used in the study.

Dataset Phenological Stage Train Size Test Size

OOD Scientific
DavidEtAl.2021 [16] V3 182 tiles N/A*
LiuEtAl.2022 [55] V3 596 tiles N/A*

OOD Internet
OOD_int_1 [18] V3 216 tiles N/A*
OOD_int_2 [19] V5 174 tiles N/A*

ID [57]
ID_1 V3 150 tiles 20 tiles
ID_2 V3 150 tiles 20 tiles
ID_3 V5 150 tiles 20 tiles

* N/A indicates that these datasets were used only for training purposes and do not have separate test sets in
this study.
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To make the two types of datasets comparable, we chose to rescale the images to a scale
of 0.005 m/pixel where the scale was known (scientific OOD and ID datasets), obtaining
orthomosaics of different sizes. All the orthomosaics were then cropped to 224 × 224 pixel
tiles. This tile size was selected because at 5 mm/pixel resolution it covers 1.12 × 1.12 m
of field area. Given that typical grain maize inter-row distance is 0.75 m, this size enables
capturing approximately two rows per tile, which is optimal for row pattern identification
in the HC algorithm and provides sufficient context for object detection models [16,55].
This particular image size was also chosen as a standard from AlexNet [58] as it should be
compatible with most of the object detection architectures. The annotations were rescaled
and cropped where needed. Figure 1 shows a sample for each dataset. Each ID dataset
has 20 tiles to be used as the testing dataset, while the other 150 tiles are used as the
training dataset.

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

(e) (f) (g)

Figure 1. Image examples taken from each dataset, ground truth bounding boxes are shown in
red. (a) DavidEtAl.2021, (b) LiuEtAl.2022, (c) Internet Maize stage V3, (d) Internet Maize stage V5,
(e) ID_1, (f) ID_2, (g) ID_3.

2.2. Handcrafted Object Detector

Like other works [16,23,55], we wrote an HC algorithm to obtain annotated tiles from
the orthomosaics, basing it on agronomical knowledge and color thresholding. Hue, Satu-
ration, and Value (HSV) color space was used here to threshold the image, to obtain green
pixels, but other color spaces can be used. For the execution of this algorithm, the following
graphical and agronomical parameters must be set: color minimum and maximum thresh-
olds (color threshold), the minimum and maximum leaf area for the plant (leaf area range),
the minimum distance between plants on rows (intra-row distance), and the distance
between rows (inter-rows distance). The algorithm is expected to work on the orthomo-
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saics of maize seedlings at the V3–V5 growth stage, with low weed infestation, with rows
having roughly the same angle with meridian and distance between them. The algorithm
was implemented in Python 3.13.1 using the following packages: numpy (v 1.24.3), torch
(v 2.0.1), PyYAML (v 6.0), rasterio (v 1.3.8), shapely (v 2.0.1), fiona (v 1.9.4), scikit-image
(v 0.21.0), scikit-learn (v 1.3.0), matplotlib (v 3.7.1). The complete implementation is accessi-
ble from https://gist.github.com/SamueleBumbaca/4a227bbe7b78d6be3424899c16c60bb4
(accessed on 20 June 2025).

The algorithm is divided in two sequential parts that form a detection–verification
pipeline. The first part, named HC1 Algorithm A1, performs initial plant detection by
thresholding pixels within the specified color range, identifying connected regions, and fil-
tering them based on expected leaf area. HC1 outputs region polygons representing
potential plants, but typically includes many false positives due to its simple color-based
approach. To address this limitation, we implemented a second process named HC2
Algorithm A2 that applies agronomical knowledge of field structure. HC2 filters the HC1
output by verifying that detected plants form proper row patterns with expected intra-row
and inter-row spacing. It uses RANSAC [59] to identify the linear alignments of plants and
validates that these alignments match expected field geometry (consistent row slope and
spacing). Only tiles where HC2 confirms the expected number and arrangement of plants
are retained for the final dataset. This two-stage approach enables the automated extraction
of high-confidence annotations from the orthomosaics. Complete algorithm pseudocodes
are provided in the Appendix A.

2.3. Deep Learning Object Detectors

Many-shot model selection criteria: From the extensive landscape of available object
detection architectures, we applied the following selection criteria: (1) widespread adoption
in agricultural computer vision applications [33], (2) availability of multiple model sizes to
investigate parameter count effects on dataset requirements, (3) representation of different
architectural paradigms (CNN-based vs. Transformer-based), (4) consistent implementation
framework for fair comparison, and (5) proven performance on small object detection tasks
relevant to seedling identification. The many-shot object detectors used in this study
include YOLOv5, YOLOv8, RT-DETR, and YOLO11. Each represents distinct architectural
approaches to object detection:

• YOLOv5 with model descriptions uses a CSP (Cross Stage Partial) backbone with
a PANet neck for feature aggregation, achieving efficient detection through grid-
based prediction with multiple anchors per cell. It was selected as the baseline CNN
architecture due to its dominance in agricultural applications [33] and extensive use in
crop monitoring studies [45,46]. Its CSP backbone with PANet neck provides a well-
established reference point for minimum dataset requirements in agricultural contexts.

• YOLOv8 with model descriptions improves upon YOLOv5 by adopting a more effi-
cient C2f block in its backbone, implementing an anchor-free detection head and using
a task-specific decoupled head design for better accuracy–speed trade-offs. It repre-
sents the next-generation YOLO evolution with anchor-free detection and improved
C2f blocks. We included it to evaluate whether or not architectural improvements
could reduce dataset requirements compared to YOLOv5, given its reported superior
accuracy–efficiency trade-offs [60].

• YOLO11 with model descriptions further refines the architecture with multi-scale
deformable attention, improving small object detection—a crucial feature for seedling
identification in varied field conditions. It was chosen as the most recent YOLO variant
including an attention mechanisms (transformer). This selection allows us to assess

https://gist.github.com/SamueleBumbaca/4a227bbe7b78d6be3424899c16c60bb4
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whether or not state-of-the-art Transformer-mixed improvements affect minimum
dataset requirements for small object detection.

• RT-DETR with model descriptions represents a hybrid approach combining CNN
backbones with Transformer decoders, utilizing deformable attention for adaptive
feature sampling and parallel prediction heads for real-time performance. Unlike pure
CNN-based YOLO variants, RT-DETR’s Transformer components enable the modeling
of global relationships between objects. We selected it over pure Transformer models
(like DETR) due to its real-time capabilities and proven performance on agricultural
datasets [36]. Its inclusion allows direct comparison between CNN-only and hybrid
approaches for minimum dataset requirements.

Excluded alternatives and rationale: with model descriptions We deliberately ex-
cluded several model families: Faster R-CNN and other two-stage detectors due to their
computational overhead and limited agricultural adoption; pure Transformer models like
DETR due to prohibitive training requirements for small datasets [28]

We used the Ultralytics implementation for all models as it is open-source [61] and
enables consistent parameter tuning across architectures.

All model training and inference were performed on a workstation equipped with an
Intel(R) Xeon(R) CPU E5-2670 v3 @ 2.30 GHz, 64.0 GB RAM, and an NVIDIA RTX A5000
GPU with 24 GB VRAM. The computational constraints influenced certain experimental
design choices, such as batch size and precision settings.

For all many-shot models we used the same hyperparameters and augmentations as
the library default, with the following exceptions:

• batch size: 16 (increased from default 8 to maximize GPU utilization while maintaining
stable gradients)

• maximum training epochs: 200 (extended from default 100 to ensure convergence
with small datasets)

• maximum training epochs without improvement: 15 (increased from default 10 for
early stopping to allow longer plateau exploration)

• precision: mixed (to balance training speed and numerical accuracy)

The default augmentations from the Ultralytics library include random scaling (±10%),
random translation (±10%), random horizontal flip (probability 0.5), HSV color space
augmentation (hue ±0.015, saturation ±0.7, value ±0.4), and mosaic augmentation. These
augmentations were selected to reflect potential variations in field conditions without
introducing unrealistic distortions.

For few-shot detection, we employed CD-ViTO, which differs fundamentally from
many-shot approaches:

• CD-ViTO with model descriptions uses cross-domain prototype matching, where a
small set of annotated examples (shots) serves as class prototypes. It leverages Vision
Transformer (ViT) backbones to extract feature representations and computes similarity
between query images and prototypes for object localization. This architecture is
specifically designed for scenarios with limited training data.

The size of this model is determined by the backbone used: ViT-S, ViT-B, or ViT-
L [62]. We used the implementation provided by the authors [63]. In our study, a ’shot’
corresponds to an image with a single annotated plant. We tested 1, 5, 10, 30, and 50 shots,
randomly selected from the ID manually labeled dataset.

For zero-shot detection, we selected OWLv2:

• OWLv2 with model descriptions represents a fundamentally different paradigm
that requires no labeled examples of the target class. It leverages large-scale pre-
training on image–text pairs to establish connections between visual features and
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natural language descriptions. During inference, it detects objects based solely on text
prompts, eliminating the need for class-specific training data entirely.

We chose OWLv2 as our zero-shot exemplar because it represents state-of-the-art
performance in open-vocabulary detection [41,42]. For testing, we used the implementation
from the Transformers library [64] with the published parameters. We evaluated two
encoder sizes (ViT-B/16, ViT-L/14) with three pre-training strategies:

• Base models: Trained using self-supervised learning with the OWL-ST method, gen-
erating pseudo-box annotations from web-scale image–text datasets.

• Fine-tuned models: Further trained on human-annotated object detection datasets.
• Ensemble models: Combining multiple weight-trained versions to balance open-

vocabulary generalization and task-specific performance.

For all OWLv2 variants, we tested multiple text prompts to describe maize seedlings,
ranging from simple terms (“maize”, “seedling”) to more descriptive phrases (“aerial view
of maize seedlings”, “corn seedlings in rows”). The complete list of eleven prompts is
provided in the Appendix A.

The choice of text prompt significantly influences OWLv2 performance, as the model
relies on semantic alignment between visual features and language descriptions learned
during pre-training [65]. Simple generic terms like “maize” or “plant” may activate broader
visual concepts that include mature plants or other crop types, potentially reducing de-
tection specificity. Conversely, descriptive phrases like “aerial view of maize seedlings”
provide more contextual information that should theoretically improve alignment with our
orthomosaic imagery [66]. However, if such specific descriptions were underrepresented
in the pre-training data, they may perform worse than simpler terms [67]. To account for
this variability, we evaluated all prompts systematically and report the results using the
best-performing prompt for each model variant; Figure 9 shows the full distribution of
performance across all tested prompts.

Table 2 shows the architectures used in the study with their parameter size specifications.

Table 2. Summary of tested architectures and model sizes.

Architecture Shots n * or S s * or S m * or B l * or L x *

YOLOv5 many 1.9 7.2 21.2 46.5 86.7
YOLOv8 many 3.2 11.2 25.9 43.7 68.2
YOLO11 many 4.0 12.5 28.0 50.0 75.0
RT-DETR many - - - 60.0 80.0
CD-VITO few - 22.0 † 86.0 ‡ 307.0 § -
OWLv2 zero - - 86.0 ‡ 307.0 § -

Values represent millions of parameters. * Model size variants stand for nano (n), small (s), medium (m), large (l),
and extra-large (x). † ViT-S (Small) backbone. ‡ ViT-B (Base) backbone. § ViT-L (Large) backbone.

2.4. Minimum Dataset Size and Quality Modelling

In order to investigate the minimum size and quality of the dataset required to train
a robust object detection model for maize seedling counting, we conducted a series of
experiments where the above mentioned DL models were recursivelly fitted with increasing
dataset size and quality. To evaluate the HC object detector on the ID dataset, we measured
three key aspects: (1) the number of tiles that the HC algorithm successfully annotated
from the orthomosaics (tiles), (2) this number as a percentage of the total available dataset
(dataset%), and (3) the detection accuracy compared to manual annotations using standard
metrics (R2, RMSE, MAPE, and mAP). For many-shot models we consider a training
dataset split of 10% validation and 90% training, while for few-shot the number of shots
determined the amount of training samples. Zero-shot learning relies only on descriptions
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of the objects to be detected in natural language. Thus, the effects of the prompts were
evaluated. As previously mentioned, this involved testing multiple text prompts. For what
concerns only the dataset size evaluation, for many-shot models we considered sizes from
10 to 150 images in 15 steps of 10 images, while for few-shot models we considered 1, 5, 10,
30, and 50 shots. As concerns the dataset quality, we evaluated the annotation quality by
reducing the number of annotations per image from 100% to 10% in 10 steps of 10% while
keeping the dataset size constant. To evaluate the influence of dataset source (OOD or ID)
on the model performance, we trained the models using both OOD and ID datasets with
the same experimental protocol. Only the most relevant results are reported.

For all the models, we evaluated the relationship between dataset size or quality
and model performance using R2 and mAP, respectively, for plant counting and plant
detection. Whether or not R2 provided values below −1 [68], we also considered RMSE
as the metric for counting [69]. MAPE was considered for few-shot and zero-shot models
only to evaluate the quality of the annotations produced by the prediction of these models.
We list here the metrics formulas for clarity:

R2 = 1− ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 (1)

where yi is the ground truth count for the i-th image, ŷi is the predicted count, and ȳ is
the mean of all ground truth counts. R2 ranges from −∞ to 1, with 1 indicating perfect
prediction, 0 indicating that the model predictions are no better than simply predicting the
mean, and negative values indicating that the model performs worse than predicting the
mean [68,69].

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (2)

where RMSE measures the average magnitude of prediction errors in the original units
(number of plants) for each image [69].

MAPE =
100%

n

n

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (3)

where MAPE measures the percentage error relative to the actual values, providing a
scale-independent measure of accuracy. It is expressed as a percentage, with lower values
indicating a lower percentage of false positives or false negatives. Thus, it was reported
as an index of the quality of the annotations. Note that MAPE is only calculated for cases
where yi ̸= 0 to avoid division by zero. It is particular useful for counting as testing tiles
never have zero plants [70].

For object detection performance, we used the standard COCO evaluation metric [7,71]:

mAP =
1
|IoU| ∑

t∈IoU
APt (4)

where mAP (mean Average Precision) is calculated at a single IoU (Intersection over Union)
threshold of 0.5. AP at the IoU threshold is the area under the precision–recall curve for
detections that meet that IoU threshold criterion.

To test the predictability minimum dataset size and quality required to train a robust
(achieving benchmark) object detector for maize seedling counting through empirical
models, we test the logarithmic, arctan, and algebraic root functions to fit the dataset size
or quality versus performance relationships, as suggested by previous studies [51].
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These functions were selected because they represent different theoretical behaviors
commonly observed in machine learning scaling studies:

Logarithmic function: Models the diminishing returns pattern where initial data
additions provide substantial performance gains, but additional data yield progressively
smaller improvements. This behavior is theoretically grounded in learning theory, where
models approach their optimal performance asymptotically [50].

Arctangent function: Represents a saturating behavior where performance increases
rapidly at first, then approaches a plateau. This function is particularly suitable for mod-
eling performance metrics bounded by theoretical limits (e.g., R² approaching 1.0) and
captures scenarios where models reach their maximum capacity given architectural con-
straints [72].

Algebraic root function: Models power-law relationships between dataset size and
performance, allowing for various growth rates depending on the exponent. This function
can capture both sub-linear and super-linear scaling behaviors, providing flexibility for
different model architectures and learning dynamics [50].

For clarity, we list here the functions tested:

Logarithmic: f (x) = a ln(x) + b (5)

Arctan: f (x) = a arctan(bx) + c (6)

Algebraic Root: f (x) = ax1/b + c (7)

where x represents dataset size (number of images) or quality (percentage of correct an-
notations) and a, b, and c are fitted parameters that determine the shape and scale of
each function.

For each model architecture and metric combination, we fitted all three functions to
the observed dataset size versus performance data points using least squares regression.
The function yielding the highest goodness-of-fit was selected as the best predictor for
that specific model–metric combination. This approach allows us to identify which scaling
pattern best describes each model’s behavior and enables prediction of the minimum
dataset size required to achieve benchmark performance.

The selected empirical model can then be used to interpolate or extrapolate perfor-
mance estimates for untested dataset sizes, providing practical guidance for annotation
planning. For instance, if a logarithmic function best fits the data, practitioners can expect
diminishing returns from additional annotations beyond a certain point. Conversely, if an
algebraic root function provides the best fit, the scaling behavior may indicate more linear
or super-linear returns, suggesting different annotation strategies.

For the model fits to dataset size versus performance relationships, we evaluated
multiple fitting functions and selected the one with the highest goodness-of-fit:

GoF = R2
fit = 1− ∑n

i=1(yi − f (xi))
2

∑n
i=1(yi − ȳ)2 (8)

where yi is the observed metric (either R2 or mAP), f (xi) is the fitted value at dataset size
xi, and ȳ is the mean of the observed metrics.

All the trained models were tested on the testing dataset tiles with the SAHI
method [73]. SAHI (Slicing Aided Hyper Inference) is a technique designed to improve
object detection performance on high-resolution images by addressing the scale mismatch
between training and inference conditions. The method slices the testing image into smaller
overlapping segments (patches) of the same size as the training tiles (224 × 224 pixels in
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our case) and then applies the model to each patch independently. The model outputs
from each patch are then merged using non-maximum suppression to eliminate duplicate
detections, and the final results are cropped to the original tile boundaries.

The use of SAHI is justified in our context because while models are trained on
224 × 224 pixel tiles, the real-world application involves inference on larger orthomosaics
where objects may be partially occluded by tile boundaries or appear at different scales.
SAHI overcomes this limitation by ensuring that all potential objects are evaluated by the
model as complete entities rather than fragmented across tile boundaries. This approach
is expected to provide better performance compared to using single tiles as input, as it
reduces boundary effects and maintains consistent object scale during inference.

The predictions were then thresholded by a list of confidence score thresholds to obtain
the plant count. All the metrics were computed for different score thresholds for all the
models to evaluate the model performance at different confidence levels. The values to
thresholds bounding boxes score were 0, 0.05, 0.1, 0.15, 0.2, 0.25, 0.29, 0.4, 0.5, 0.6, 0.7, 0.8,
0.9, 0.95, 0.99. The highest R2 value within the thresholds was considered as the model
performance for that experiment.

3. Results
3.1. Handcrafted Object Detector

Table 3 shows the performance of the HC object detector on the ID datasets by enumer-
ating metrics and successfully annotated tiles. The metrics were computed on the testing
dataset tiles.

Table 3. HC object detector performance.

Dataset R2 RMSE MAPE mAP Tiles Dataset %

ID_1 0.95 0.12 9% 0.87 1184 7.8%
ID_2 0.93 0.11 12% 0.81 279 4.2%
ID_3 0.87 0.18 16% 0.73 158 1.8%

The HC algorithm was able to extract a discrete amount of annotated tiles from the
orthomosaics, with a percentage of the dataset ranging from 1.8% to 7.8%. Overall, the HC
object detector performed well on this set, with R2 values above 0.85 for all the datasets.
The RMSE values were below 0.2, while the mAP values were above 0.7. The MAPE values
were below 20% for all the datasets.

In nominal scale, the number of tiles successfully annotated by the HC algorithm was
not constant, but always over 150 tiles.

3.2. Many-Shot Object Detectors
3.2.1. OOD Training

The OOD scientific datasets “DavidEtAl.2021” and “LiuEtAl.2022” were tested singu-
larly and in combination in the experiment named “scientific OOD”. The OOD internet
datasets “internet OOD” were tested singularly and in combination with the OOD scientific
datasets in the experiment named “All OOD”. Each model and OOD dataset combination
was tested on the testing dataset tiles of the three ID datasets.

None of the dataset combinations reached the benchmark R2 value of 0.85 with any
model. The coefficients of determination and the root mean square errors for all the OOD
experiments are shown in Figure 2. The Goodness-of-Fit (GoF) values for the R2 values
were always low (below 0.2) for all the metrics. The lowest MAPE value was slightly less
than 20%. For these same models, the mAP values were the highest, with the best model
being YOLOv8n with the LiuEtAl.2022 dataset. No particular model size seems to provide
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better results with respect to the others, and neither does the increasing dataset size seem
to drive a model size performance trend. As no model achieved the benchmark, no study
was done on the dataset quality requirements to achieve such a benchmark.
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Figure 2. The figure shows the performance of the many-shot object detection models trained on
the different Out-of-Distribution (OOD) datasets. The subplots represent four different metrics: R²,
RMSE, MAPE, and mAP, respectively, at the right top, left top, left bottom, and right bottom. Each
subplot contains the boxplots positioned at the corresponding dataset size values and indicating the
distribution of all the model prediction metric values for each dataset. Benchmark thresholds are
indicated with red dashed horizontal lines for R² (0.85) and RMSE (0.39). Best fit lines for each metric
are plotted using different fitting functions, indicated with black dashed lines. GoF values and best
model are shown in the legend. A secondary x-axis at the top of each subplot shows the dataset
names corresponding to the dataset sizes.

3.2.2. ID Training

The relationship between ID training dataset size and model performance was evalu-
ated for all model architectures and sizes, as shown in Figure 3. The dataset quality was
tested later, taking the combination of model architecture, model size, and training dataset
size that achieved the benchmark and retraining that model while reducing the amount of
annotations for each tile. The R2 values of the counting and the mAP values for all models
were regressed against the dataset size using a logarithmic, root, or arctan model. The best
fitting within them was selected for each model and metric and the GoF was calculated.
A high GoF value indicates that model performance is highly predictable by dataset size.
Conversely, a poor GoF could indicate that other variables play a more important role in
determining model performance, or that the chosen dataset size interval is too narrow to
achieve a good fit.

For the combinations of model-architecture/dataset-size that achieved the benchmark,
the minimum dataset quality required to achieve the benchmark was evaluated, as shown
in Figure 4. The minimum dataset quality was determined by identifying the quality
percentage where both the empirical model prediction and the entire confidence interval of
the performance metrics remained above the benchmark threshold.
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Figure 3. Relationship between dataset size and model performance for different object detection
models (YOLOv5 (a), YOLOv8 (b), YOLO11 (c), and RT-DETR (d)) trained and tested on ID datasets.
On the same line, each subplot represents a different parameters size of the model, increasing from
the left to the right. The x-axis represents the dataset size, while the left and right y-axis represents
the R2 and mAP values, respectively. The solid lines represent the mean values, while the dashed
lines indicate the logarithmic fit. The shaded area around the solid lines represents the confidence
interval (standard deviation) of R2 or mAP. The red dashed horizontal line represents the benchmark
R2 value of 0.85. The combined legend in the lower right corner of each subplot shows the Goodness
of Fit (GoF) for both R2 and mAP.

Within YOLO models, YOLOv5n, YOLOv5s, and YOLOv8n achieve the benchmark
R2 value of 0.85 with 130, 130, and 110 samples, respectively, considering the dataset
sizes where all three model performances were above 0.85 R2 and the logarithmic model
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predicted over-benchmark values for that dataset size. RT-DETR L and RT-DETR X achieve
the benchmark R2 value of 0.85 with 60 and 100 samples, respectively, with the same
assumptions as for the YOLO models. For these models, the GoF was above 0.3, while for
the models that did not reach the benchmark R2 value the GoF was always below this value.
The mAP seems to follow the same trend as the R2 values. All the models show a clear
trend of increasing R2 and mAP values as the dataset size increases, as expected. It is also
clear that increasing the number of parameters and model complexity for mostly CNN-like
models (YOLOs) leads to increasing need for dataset size. For the mostly transformer-
like models (RT-DETRs), it is not that clear, also because of the low amount of model
parameter sizes tested. The confidence interval reduction as a function of the dataset size
indicates that variability in performance decreases significantly as dataset size increases for
all models. Taking into account the dataset quality in the same way as done for the dataset
size, both quality tests and quality models achieved the benchmark, with 85%, 90%, 85%,
and 65% of the original dataset quality for YOLOv5n, YOLOv5s, YOLOv8n, and RT-DETR
X, respectively. RT-DETR L did not achieve the benchmark for any dataset quality reduction
tested. Overall, RT-DETR performed best in terms of both dataset size and quality. The best
performance in terms of dataset size was achieved with RT-DETR trained on 60 images (see
prediction examples in Figure 5), while the best performance in terms of dataset quality
was achieved with RT-DETR trained on 100 images with a 35% reduction in quality (see
Figure 6 for prediction examples).
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Figure 4. Relationship between dataset quality and model performance for all object detection models
that achieved the benchmark. The x-axis represents the dataset quality, while the left y-axis represents
the R2 values. The red dashed horizontal line represents the benchmark R2 value of 0.85. The legend
in the lower right corner of the subplot shows the Goodness of Fit (GoF) for R2.
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Figure 5. Predictions from the RT-DETR L trained on 60 images. From the left hand side to the right
hand side, the images show the 1, 2, and 3 ID test dataset tile examples. The predicted bounding
boxes in the images are the ones before non-maximum suppression and threshold. Black bounding
boxes are the ground truth annotations, while the bounding boxes in the viridis color scale are the
model predictions.
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Figure 6. Predictions from the RT-DETR X trained on 100 images with a reduction in quality of
35%. From the left hand side to the right hand side, the images show the 1, 2, and 3 ID test dataset
tile examples. The predicted bounding boxes in the images are the ones before non-maximum
suppression and threshold. Black bounding boxes are the ground truth annotations, while the
bounding boxes in the viridis color scale are the model predictions.

3.3. Few-Shot Object Detectors

The few-shot models were evaluated against the established benchmarks (R2 of 0.85
and RMSE of 0.39) using the metrics R2 and RMSE; however, none of the models reached
these benchmarks.

The best result achieved by the CD-ViTO model was an RMSE of 3.9 with ViT-B
backbone and 50 shots to build the prototypes, which is substantially worse than the
benchmark value of 0.39 (10 times higher). This corresponds to a MAPE on counting of
about 25% and a mAP of about 0.5, as shown in Figure 7. It corresponds roughly to a
miscounted plant over four as it is visible, looking to some predictions of this model in
Figure 8. The models fitted on metrics show a reliable GoF for all the metrics, indicating
that the model performance is highly predictable by the number of shots. These also show
that any CD-ViTO size model would not achieve the benchmark with any shot amount,
even if the number of shots were increased beyond those tested.

3.4. Zero-Shot Object Detectors

Figure 9 shows the relationship between the zero-shot model settings and model
performance tested on ID testing datasets. Not all the model settings were able to predict
the whole testing dataset. For example, the owlv2-base-patch16-finetuned model was
not able to generate any prediction with any prompt for any image of the ID testing.
A dataset size relationship with metrics could not be established because zero-shot models
do not require fine-tuning training data. None of the zero-shot model settings reached
the benchmark. This is particularly true for the R2 values, which were always below 0,
indicating poor predictive performance. The RMSE values ranged from approximately
5 to 25, significantly higher than those observed in the many-shot and few-shot models.
Additionally, MAPE values were also considerably elevated, ranging from around 40 to 140.
Furthermore, the mAP values were lower than those of the many and few-shot models for
all model settings, except for the owlv2-large-patch14-finetuned model, for which very few
images were successfully predicted with an mAP comparable to that of the best few-shot
model (50-shots ViT-B backbone). Some rare cases of good predictions were even more
accurate than the few-shot best performance, as shown in Figure 10.
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Figure 7. The figure shows the relationship between shots and model performance for the CD-ViTO
model trained and tested on ID datasets. The x-axis represents the number of shots. The solid lines
represent the mean values, while the dashed lines indicate the shot amount/metric prediction model.
The shaded area around the solid lines represents the confidence interval (standard deviation) of
the metric. (a) The left and right y-axis represents the R2 and mAP values, respectively. The red
dashed horizontal line represents the benchmark R2 value of 0.85. The combined legend in the lower
right corner of each subplot shows the Goodness of Fit (GoF) for both R2 and mAP. (b) The left and
right y-axis represents the RMSE and MAPE values respectively. The red dashed horizontal line
represents the benchmark RMSE value of 0.39. The combined legend in the upper right corner of
each subplot shows the Goodness of Fit (GoF) for both RMSE and MAPE.
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Figure 8. The 50 shot CD-ViTO with ViT-B backbone predictions on the 1, 2, and 3 ID test dataset tile ex-
amples, respectively, from the left hand side to the right. The predicted bounding boxes in the images
are the ones before non-maximum suppression and threshold. Black bounding boxes are the ground
truth annotations, while the bounding boxes in the viridis color scale are the model predictions.
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Figure 9. The figure shows the relationship between the OWLv2 model size, used prompt, and model
performance. The x-axis represents the model settings and the model size. Colors represent the
different prompts used. The four subplots show the mAP (upper left corner), R2 (upper right corner),
RMSE (lower left corner), and MAPE (lower right corner) values. The red dashed horizontal line in
the R2 and the RMSE subplots represents, respectively, the benchmarks of 0.85 and 0.39.
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Figure 10. The best predictions with the OWLv2 model. The ID_1, ID_2, and ID_3 datasets, respec-
tively, from the left hand side to the right. Prediction with owlv2-base-patch16-ensemble model of the
ID_1 dataset, and with owlv2-base-patch16 model on the other two datasets. All the predictions are
made with the prompt “seedling”. The predicted bounding boxes in the images are the ones before
non-maximum suppression and threshold. Black bounding boxes are the ground truth annotations,
while the bounding boxes in the viridis color scale are the model predictions.

4. Discussion
4.1. Dataset Source Impact on Object Detection Performance

Our experiments clearly demonstrate the critical importance of dataset source for
successful arable crop seedling detection. None of the tested models, regardless of archi-
tecture or parameter amount, achieved the benchmark R2 value of 0.85 when trained on
Out-of-Distribution (OOD) datasets. Several inherent biases in our datasets likely influ-
enced model performance. This aligns with previous findings by David et al. [16] and
Andvaag et al. [47], who similarly reported significantly lower performance when using
training samples from sources different from the inference dataset.

The domain gap challenge is particularly pronounced in agricultural applications,
where environmental conditions, lighting, camera parameters, and plant growth stages
vary substantially across datasets. The failure of OOD training highlights that visual fea-
tures learned from one orthomosaic do not generalize well to others without significant
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adaptation. As the Goodness-of-Fit (GoF) of the models explicating the relationship be-
tween dataset size and performance was always below 0.2, one can argue that the interval
of dataset size tested was too narrow to achieve a good fit or that other variables play
an important role in determining model performance. Both cases are likely to be true,
but also the maximum OOD dataset size that was tested (1168) was really small in respect
to other studies that use training datasets of tens of thousand of images to achieve such
benchmarks [33]. This further highlights the importance of collecting in-domain training
data, as the minimum OOD dataset size and quality to train an object detector to count
arable crops seedling that generalizes to all the real-world cases is difficult to establish with
a limited dataset.

Despite the poor performance of OOD dataset-trained models, some of them showed a
low MAPE value of less than 20%, not enough to consider the models for direct inferencing
but rather as an annotation tool for the ID dataset.

4.2. Many-Shot Object Detection: Architecture and Dataset Requirements

Our results reveal important relationships between model architecture, count met-
rics, and minimum dataset requirements, consistent with findings from other agricultural
computer vision studies. Within YOLO-family models, we observed that the lightweight
YOLOv5n, YOLOv5s, and YOLOv8n achieved the benchmark with 130, 130, and 110 sam-
ples, respectively, well below the reported minimum by supposed few-shot studies with the
same aim [43]. As already well-known from general computer vision literature [48,52], in-
creasing model complexity in CNN-based architectures corresponded to increased dataset
size requirements.

Conversely, for transformer-mixed models like RT-DETR, we observed better perfor-
mances with lower training dataset sizes, with RT-DETR L achieving the benchmark with
only 60 samples while the larger RT-DETR X required 100 samples. This superior perfor-
mance of transformer-based models corroborates recent findings [34,35], who demonstrated
that attention mechanisms can achieve better performance with limited training data in
agricultural contexts. The empirical models of dataset size versus performance showed
comparable GoF between RT-DETR and YOLO-family models, except for YOLOv5n, which
showed a particularly high GoF. This suggests that transformer-based models have the
same predictability to reach the benchmark with the reported dataset size as the CNN-based
models, except for YOLOv5n, which has a higher predictability to reach the benchmark
given the same dataset size.

Overall, transformer-based models may require fewer samples to achieve the same
performance as CNN-based models, potentially due to their ability to capture long-range
dependencies and contextual information more effectively, as noted in a comprehensive
review [32] and demonstrated in agricultural applications [33]. A visible side-effect of the
adoption of transformer-mixed models is the higher computational cost of the training
phase in terms of time and memory, which could be a limitation for some applications,
consistent with computational trade-offs reported in [28] but not studied here.

This creates a practical tradeoff for practitioners: whether to use a simpler CNN-based
model like YOLOv5n and invest in collecting more annotated images (approximately
130), or to allocate more computational resources for a transformer-mixed model like
RT-DETR L that can achieve comparable performance with roughly half the amount of
labeled data (approximately 60 images). Similar trade-offs have been documented in
agricultural deployment scenarios by [21] for early-season crop monitoring and [33] in
their comprehensive review of agricultural object detection.

The predictability of model performance based on dataset size (as evidenced by
GoF values exceeding 0.3 for successful models) provides practical guidance for prac-
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titioners. Our findings on dataset size scaling relationships (logarithmic patterns with
GoF > 0.3) align with broader machine learning scaling laws established by [48,50], while
the agricultural-specific implications mirror domain adaptation challenges documented
in [16,47]. The relationship between dataset size and performance (modeled using logarith-
mic, arctangent, or algebraic root functions, depending on best fit) suggests diminishing
returns beyond certain thresholds, consistent with theoretical frameworks proposed by [51],
which can help inform efficient resource allocation for annotation efforts in precision
agriculture applications.

4.3. Dataset Quality Trade-Offs

Our investigation into minimum dataset quality requirements revealed that models
can tolerate some reduction in annotation quality while still maintaining benchmark perfor-
mance achieved with the same training dataset size. YOLOv5n, YOLOv5s, and YOLOv8n
achieved the benchmark with 85%, 90%, and 85% of the original dataset quality, while
RT-DETR X required only 65%. Notably, RT-DETR L failed to maintain benchmark per-
formance with any reduction in annotation quality, suggesting different sensitivity to
annotation errors, consistent with findings on annotation quality effects [49].

This difference in quality tolerance between RT-DETR L and RT-DETR X can be ex-
plained by considering their respective minimum dataset sizes. RT-DETR L was tested with
quality reductions on its minimum benchmark-achieving dataset size of just 60 samples,
while RT-DETR X was tested with 100 samples. With fewer training examples, RT-DETR L
becomes more sensitive to the quality of each individual annotation, as each annotation
represents a larger proportion of the total learning signal. In contrast, RT-DETR X, with its
larger training dataset, can better compensate for quality reductions by leveraging redun-
dancy across more examples, aligning with general principles of dataset robustness [48].

These findings provide valuable insights for practical applications, as they suggest
that, in some cases, it may be more efficient to collect a larger quantity of moderate-quality
annotations rather than focusing on perfect annotations for a smaller dataset. This also
indicates potential for semi-automated annotation workflows, where machine assistance in
annotation (which may introduce some errors) could be acceptable for many applications,
supporting approaches documented in agricultural computer vision literature [33].

4.4. Few-Shot and Zero-Shot Approaches: Current Limitations

Despite recent advances in few-shot and zero-shot learning, our experiments reveal
significant limitations in these approaches for precise maize seedling detection. The best
CD-ViTO few-shot model achieved an RMSE of 3.9 with 50 shots (using ViT-B backbone),
substantially below the benchmark requirement of 0.39. Similarly, zero-shot models like
OWLv2 performed poorly, regardless of prompt engineering efforts.

These results contrast with the promising performance reported for few-shot and
zero-shot methods in general object detection benchmarks [41,74]. Several factors may
explain this gap: First, the domain-specific nature of aerial maize seedling imagery, where
subtle textural differences and high intra-class variability are prevalent, severely challenges
models pre-trained on general object detection datasets. As illustrated in the few-shot
experiments (Figure 7), increasing the number of shots leads to nonlinear improvements in
metrics such as R² and mAP (following an arctan-like trend), yet the error metric (RMSE)
remain significantly above the benchmark. This saturation effect suggests that, even with
more than usual maximum tested prototypes (50 instead of 30), the models struggle to
capture the fine-grained visual cues necessary for precise seedling detection. Moreover,
the zero-shot results (Figure 9) reveal a pronounced sensitivity to prompt phrasing, with all
variants, including ensemble and fine-tuned versions of OWLv2, consistently failing to ap-
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proach acceptable error rates. These observations imply that both the inherent complexity
of the task and the limitations of current few-shot and zero-shot frameworks necessitate
more domain-specific strategies, as suggested by recent work on agricultural computer
vision challenges [14]. Addressing these challenges through domain-specific adaptations
could help narrow the performance gap, potentially making few-shot and zero-shot meth-
ods more competitive for arable crop seedling detection. Interestingly, the few-shot and the
zero-shot models were able to detect all the seedlings without false positives in few cases.
It would be interesting to investigate the possible ways to retain these images and use them
to populate the training dataset for a many-shot model.

4.5. Handcrafted Methods in the Deep Learning Era

Despite the focus on deep learning approaches, our Handcrafted (HC) object detector
demonstrated strong performance on the testing datasets (R2 from 0.87 to 0.95). However,
a significant limitation was the small proportion of tiles (1.8% to 7.8%) for which it could
provide reliable annotations. This illustrates the classic trade-off of rule-based systems:
high precision in constrained scenarios but limited generalizability, consistent with findings
from other agricultural applications using handcrafted methods [22,23].

These findings suggest that HC methods may still have value in a hybrid approach,
where they provide high-quality annotations on a subset of data, which can then be used
to bootstrap deep learning models. Such an approach could be particularly valuable for
specialized agricultural applications where annotation resources are limited, aligning with
hybrid approaches documented in crop monitoring studies [21].

This approach is highly adopted in industry, where the HC method is used to annotate
the training dataset and the deep learning model is used to predict the real-world cases,
but it introduces a possible bias in the training dataset that could be a limitation for
the model generalization. The main problem is that the HC1 method relies on color
thresholding that filters the objects based on the color of the objects. That could be not the
best way to annotate the training dataset for a deep learning model that could learn more
complex features of the objects, but also the ones selected by the HC1 method.

4.6. Implications for Practical Applications

Our study has several practical implications for developing arable crop seedling
detection systems. First, collecting in-domain training data is non-negotiable for achieving
benchmark performance. Finding a way to automatically obtain the training dataset from
the same distribution as the intended inference target is a key step in developing a robust
object detector for arable crop seedling detection.

The logarithmic relationship between dataset size and performance suggests that
initial annotation efforts should focus on reaching the minimum viable dataset size
(60–130 images depending on architecture), after which additional annotations yield di-
minishing returns. This finding helps organizations optimize resource allocation for anno-
tation efforts.

Our results also demonstrate that some reduction in annotation quality is acceptable,
with models maintaining benchmark performance with 65–90% of the original quality. This
suggests that semi-automated annotation workflows could be efficiently implemented for agri-
cultural applications, potentially reducing the time and cost associated with manual annotation.

Current few-shot and zero-shot methods, while promising, are not yet viable replace-
ments for traditional object detection approaches in seedling detection or counting tasks.
However, they might still serve auxiliary roles in the annotation pipeline.

Hybrid approaches combining handcrafted methods with deep learning models could
provide a practical solution for achieving benchmark performance. We observed that OOD
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many-shot, few-shot, and zero-shot models are occasionally able to produce annotations
with sufficient quality for training ID many-shot models. A promising direction for future
work would be to develop methods for automatically identifying and leveraging these high-
quality annotations. Specifically, the HC2 component of our handcrafted approach could
potentially be used to filter and validate annotations produced by these models, overcoming
the color-thresholding bias introduced by HC1 while maintaining the agronomic knowledge
encoded in HC2’s row-pattern validation.

4.7. Future Work

In this study, we focused on the minimum dataset requirements for fine-tuning pre-
trained models for the downstream task of counting arable crop seedlings through object
detection. We did not explore the potential benefits of using domain-specific backbones.
Future work could investigate whether or not dataset size requirements could be further
reduced by using backbones pre-trained on agricultural imagery, particularly aerial ortho-
mosaics of crop fields. Such domain-specific pre-training might allow models to learn more
relevant features for crop detection tasks, potentially reducing the amount of in-domain
data needed for fine-tuning.

5. Conclusions
This study demonstrates that successful maize seedling detection requires in-domain

training data, with out-of-distribution training requiring unreasonable dataset size to
achieve benchmark performance across all tested models. We established minimum dataset
requirements for several architectures, finding that lightweight YOLO models achieve
benchmark performance with 110–130 samples, while certain transformer-mixed models
like RT-DETR require as few as 60 samples. Models showed varying tolerance for reduced
annotation quality, with some maintaining performance with only 65–90% of original
annotation quality.

Despite advances in machine learning, neither few-shot nor zero-shot approaches
currently meet precision requirements for arable crop seedling detection. Our handcrafted
algorithm achieved excellent performance within its constraints, suggesting potential value
in hybrid approaches combining rule-based methods with deep learning. These findings
provide practical guidance for developing maize seedling detection systems, and possible
ways to overcome the limitations of the current deep learning models for this application.
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Abbreviations
The following abbreviations are used in this manuscript:

R2 Coefficient of determination
RMSE Root Mean Squared Error
MAPE Mean Absolute Percentage Error
mAP Mean Average Precision
HC Handcrafted
ID In-Distribution
OOD Out-of-Distribution
CNN Convolutional Neural Network
ViT Vision Transformer
YOLO You Only Look Once
RT-DETR Real-Time Detection Transformer
GoF Goodness of Fit

Appendix A
Appendix A.1

Algorithm A1 H1

Require: tiles ▷ Orthomosaic tiles
Require: col_range ▷ Color space thresholds
Require: lea f _area_range ▷ Leaf area range in pixels
Ensure: plants ▷ List of polygons

1: function CONNECTED_COMPONENTS(binary_image) [75]
2: return regions
3: for tile in tiles do
4: mask← {p ∈ tile | color(p) ∈ col_range}
5: regions← connected_components(mask)
6: plants← {region | region ∈ regions ∧ region.area ∈ lea f _area_range}
7: return plants

Algorithm A2 H2
Require: observations ▷ (List of centroids, RanSaC models)
Require: intra− row_dist ▷ Minimum distance between plants
Require: inter− row_dist ▷ Minimum distance between rows
Require: mean_slope ▷ Mean slope of the rows in respect meridian
Ensure: objects ▷ List of centroids or polygons

1: function REGION_CENTROIDS(regions) ▷ Get the centroids of the regions
2: return centroids
3: function AGGLOMERATE_REGIONS(regions, min_dist) ▷ Agglomerate regions
4: centroids← {region.centroid | region ∈ regions}
5: clusters← HierarchicalClustering(centroids, threshold = min_dist, metric = euclidean)
6: clust_cen← {mean(centroidsi) | for each cluster i ∈ clusters}
7: return clust_cen
8: function EXTRACT_RANSAC_LINE(points, min_dist) [59]
9: return best_inliers, best_model

10: function PROCESS_TILES(intra− row_dist)
11: observations← {}
12: plants← HC1(tiles)
13: for tile in tiles do
14: regions← plants[tile]
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Algorithm A2 Cont.

15: centroids← REGION_CENTROIDS(regions)
16: clust_cen← AGGLOMERATE_REGIONS(regions, intra− row_dist)
17: inlier_points, model ← EXTRACT_RANSAC_LINE(clust_cen, intra− row_dist)
18: line_length← GET_LINE_LENGTH(model)
19: expected_number_o f _plants← line_length

intra_row_dist
20: if inlier_points ≡ expected_number_o f _plants then
21: observations[tile]← (clust_cen, inlier_points, model)
22: return observations
23: function FILTER_OBSERVATIONS_BY_SLOPE(observations)
24: f iltered_observations← {}
25: for tile ∈ observations do
26: slope← observations[tile][’model’]
27: if model.slope ≈ mean_slope then
28: f iltered_observations[tile]← observations[tile]
29: return f iltered_observations
30: function PROCESS_OBSERVATIONS(observations, inter− row_dist, intra− row_dist)
31: objects← {}
32: for tile ∈ observations do
33: tile_centers← observations[tile][’clust_cen’]
34: f irst_row_centers← observations[tile][’inlier_points’]
35: f irst_row_model ← observations[tile][’model’]
36: centers← {p | p ∈ tile_centers ∧ p /∈ f irst_row_centers}
37: second_row_centers, second_row_model ← EXTRACT_RANSAC_LINE(centers, intra −

row_dist)
38: line_length← GET_LINE_LENGTH(second_row_model)
39: expected_number_o f _plants← line_length

intra_row_dist
40: if second_row_model.slope ≈ f irst_row_model.slope then
41: if abs(second_row_model.intercept − f irst_row_model.intercept) ≈ inter − row_dist

then
42: if second_row_centers ≡ expected_number_o f _plants then
43: objects[tile]← ( f irst_row_centers, second_row_centers)
44: return objects
45: function MAIN
46: observations← PROCESS_TILES(intra− row_dist)
47: MEAN_SLOPE← MEAN(observations[’model’])
48: observations← FILTER_OBSERVATIONS_BY_SLOPE(observations, MEAN_SLOPE)
49: objects← PROCESS_OBSERVATIONS(observations, inter− row_dist)
50: return objects

Appendix A.2

The following are the list of prompts used for the zero-shot models:

• “maize”
• “seedling”
• “plant”
• “aerial view of maize seedlings”
• “corn seedlings in rows”
• “young maize plants from above”
• “crop rows with corn seedlings”
• “maize seedlings with regular spacing”
• “top-down view of corn plants”
• “agricultural field with maize seedlings”
• “orthomosaic of corn plants in rows”
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