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Monitoring wheat growth, as one of the most important food grain sources for human nutrition, 
and forecasting yields are done through different phenological phases. Reliable estimates on yields 
play a crucial role in securing sufficient food supplies for the world’s growing population. Currently, 
farmers estimate a wheat yield during the later stages of growth and are often biased in this process. 
Plant breeding scientists use a more accurate approach that collects data on the number of wheat 
ears manually counted at various locations throughout the field. A sufficiently precise count of wheat 
ears is one of the most important parameters for reliable early-stage prediction of wheat yield. To 
support the development of an affordable and trustworthy automated wheat ear detection approach, 
this work introduces a novel high-quality RGB smartphone image dataset, BioS-Wheat, comprising 
5,696 annotated images across four wheat varieties. Additionally, it evaluates six deep learning 
models for wheat ear detection. Among the F-RCNN-based models, RetinaNet, YOLOv8, and a Vision 
Transformer-based detector, RT-DETR, achieved the highest mean Average Precision (mAP@50) of 
91%, with significantly higher computational complexity. BioS-Wheat complements Global Wheat 
Head Detection datasets, introducing a meaningful shift in data complexity with high sowing density 
and minimal row spacing, emphasizing the impact of agronomic diversity on model performance by 
an increased object occlusion and dense spatial arrangements. Enriched and agronomically diverse 
datasets support model robustness at different varieties, growth stages, and locations. This work offers 
a good baseline for establishing the procedure for image crowdsourcing, further dataset expansions, 
and model improvements.
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The exponential growth of the human population invokes the necessity for more precise crop monitoring and 
sets higher crop yields as one of the most demanding challenges. As part of the global plan, 17 goals have been 
set by 2030 to end hunger, achieve food security, and improve nutrition, according to the Food and Agriculture 
Organization of the United Nations1. The key to accomplishing the entire set of goals is the investment in 
agriculture–crops, livestock, forestry, fisheries, and aquaculture2. Monitoring wheat yield, as the primary grain 
source for human consumption, is a treasured part of the global population nutrition plan3.

Although there is a worldwide trend that more and more agricultural fields are devoted to wheat cultivation 
compared to other crops, as evidenced by the wheat yield of more than 750 million tons per year, further 
expansion of arable land is limited4. Therefore, to enhance crop production in the future, producers are willing to 
incorporate new precision agriculture technologies during the decision-making process to achieve high-quality 
and robust crop types with higher yields.

There are only a few wheat ear counting datasets, in most cases collected by single entities, which directly 
introduces bias and limitations, such as certain genotypes and acquisition environments. Moreover, the labeling 
process is tedious and usually differs among institutions, which requires additional adjustment for further usage 
on shared and expanded open-source and public datasets5. Additionally, those datasets often represent moderate-
density fields and lack sufficient examples of severe occlusion, limiting their applicability in real-world high-
density scenarios. The BioS-Wheat dataset addresses these gaps by providing a standardized and low-cost RGB 
dataset that captures dense wheat canopies with extensive wheat ear overlap, multiple genotypes, and varying 
fertilization levels. This design enables comprehensive evaluation of model robustness under realistic field 
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conditions, bridging the gap between controlled imaging studies and operational crop monitoring environments. 
Field crop producers and breeding programs within breeding research institutions can significantly benefit from 
the information obtained by rapid yield prediction based on automatically counted wheat ears6,7.

In this work, we facilitate an early wheat yield prediction approach by proposing a methodology for an 
automated, low-cost, and easy-to-adapt user-affordable wheat ear detection based on acquired smartphone RGB 
wheat images in outdoor conditions.

The main contributions of this work are a new dataset with 4 wheat varieties from a location in Europe, 
Serbia, and a transfer-learning methodology based on deep learning for wheat ear detection in collected images.

The paper is organized as follows: The next two sections cover related work on traditional and deep 
learning-based computer vision methods, followed by materials and methods, including an overview of open-
source datasets, our dataset creation and harmonization process, image quality assessment, image acquisition 
recommendations, and the proposed wheat ear detection method with evaluation metrics. The Results section 
presents the findings of the image quality assessment and compares the performance of the proposed deep 
learning models. The discussion section examines the outcomes, advantages, and limitations of the proposed 
approach. The final section provides concluding remarks and outlines potential directions for future research.

Related work
According to8, the number of wheat ears and the weight of one thousand grains within the square meter are the 
most significant parameters that contribute to the wheat yield estimation. Specifically, the number of wheat ears 
per unit area is one of the most important agronomic yield traits, since it has the highest correlation with the 
grain yield9. The conventional methods usually infer the wheat yield10 based on comparing crop performances 
across years or from manually counted wheat ears per region of interest (ROI) and therefore are insufficiently 
precise and prone to subjective judgment11,12. Manual wheat ear counting involves constraining the ROI using a 
square meter (or less) wooden frame placed over the wheat.9,11. For fields of one hectare in size or less, the total 
number of ears is obtained by extrapolating the wheat number obtained per ROI. If the field size is significantly 
larger than one hectare, estimating the total number of ears requires repeating ROI counting procedures at 
multiple locations in the field9. The models for wheat ear detection trained based on manually counted data 
usually lack generalization quality, as they do not achieve matching accuracy and precision on new datasets 
and acquisitions5. The approach proposed in this work facilitates an automated wheat ear detection and count, 
drastically reducing the manual effort that is time-consuming, labor-intensive, and error-prone, aggravating 
widespread field implementation6,13.

Following the rapid growth and improvements in sensor technologies and advanced image processing, 
computer vision, and artificial intelligence algorithms, data-driven approaches are gradually being adopted 
and implemented in agriculture. Some application areas target various problems in agriculture14–16, such as 
weed detection17,18, plant identification, plant phenotyping19,20 and disease detection21–26. For example, in27, 
the automatic plant species identification has been described; in28, the extraction of Arabidopsis Thaliana 
phenotyping features is explored; and in29,30, the detection of wheat ears in controlled environments is described 
in19,31,32. However, wheat ear identification is a challenging computer vision problem due to variability in 
observational conditions and wheat ear orientation, appearance variability in different phenological phases, and 
inherent genetic differences. Moreover, image acquisition might be hampered by possible blurring or movement 
or wind, which introduces overlapping wheat ears in dense population areas, thus making the automatic wheat 
ear counting problem even more challenging5.

Traditional computer vision methods
Starting in 2008, the first idea to facilitate automatic ear counting from the image taken in the field was proposed 
using color-texture image analysis in33, while in31 wheat ear phenotypic traits such as length, width, surface area, 
and perimeter are extracted from images based on morphology. Authors in32 presented a three-layer neural 
network classifier34 to extract RGB color features such as ear length. In9, the Laplacian frequency filter35 and the 
median filter36 are used for suppressing the presence of noise around wheat ears by removing high-frequency 
components in the image. The final segmentation of ears is done using the Find Maxima detection algorithm37. 
Filtration using Gabor filter banks38 followed by principal component analysis39 and the K-means clustering 
algorithm40 is proposed in41 for segmentation of regions belonging to the wheat ears. It reached an average 
accuracy of 90.7% compared to human manual counting and was tested with a real-world dataset containing 
images of wheat from flowering to ripening stages. In42, the number of wheat ears from images is obtained by 
a Simple Linear Iterative Clustering Method (SLIC)43, transforming the unit of the wheat image from pixels 
to superpixel blocks. This study ranged from 80.8% to 94.2% depending on different nitrogen fertilizers. The 
dataset is a part of the supplementary material. A twin-support-vector-machine segmentation (TWSVM-Seg) 
model44 is utilized in8 for the segmentation of wheat ears on the pixel level. The results of the proposed approach 
showed a strong correlation in the range of 0.79 to 0.82 with the data obtained by manual counting. The majority 
of data collected in these studies is adjusted for specific purposes and objectives, making it harder to use them 
for more general applications.

Deep learning-based computer vision methods
Relying on the increasing performance of graphics processing units (GPUs) and the wide availability of data-
collecting sensors facilitating the emergence of large datasets45,46, deep learning has become the cutting edge 
of computer vision for object recognition47, instance segmentation48, semantic segmentation49 and image 
regression50,51, providing high performance, thus outperforming other image processing techniques and classical 
machine learning approaches14,52. The application of convolutional neural networks (CNNs) plays a crucial role 
in image-based phenotyping28. As in other similar applications, in the context of wheat ear counting, a common 
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approach is to train CNN models using data from one part of a field and evaluate their performance on data from 
another part52–56. The relative wheat counting error was estimated at 10% in57 for such a method if the image 
resolution is controlled. In58, the authors developed an encoder/decoder-based CNN model for the semantic 
segmentation of wheat ears that outperforms traditional manual methods of computer vision algorithms. In59, 
the authors developed a wheat ear detection and probabilistic tracking model for wheat growth in the field. 
Considering these problem-specific challenges that occur in the images, existing developed and pre-trained 
models for the semantic segmentation of wheat ears so far have not achieved encouraging results. The problem 
of wheat ear occlusion is difficult for traditional image processing methods with high-level semantic features, 
while the existing deep learning-based counting methods have not solved the occlusion efficiently. In parallel 
with neural networks designed for semantic segmentation, many instance segmentation architectures are 
developed:Mask R-CNN60, Mask Lab61, PANet62, Hybrid task cascade63, GCNEt64, Yolact65, Mask2Former66 and 
object detection architectures: RCNN67, Fast RCNN68, MultiPath Network69, Faster RCNN (F-RCNN)47, Non-
local Neural Networks70, Tensor Mask71, Mask Scoring RCNN72, the Yolo versions, etc. Recently, several authors 
proposed deep learning image-based plant phenotyping methods19,30,73. In6, the usage of CNNs for solving 
the wheat ear instance segmentation task in controlled indoor conditions is presented. The latest developed 
approaches for wheat ear detection rely on CNN-based object detection baselines: F-RCNN57,74,75, YOLO76, 
YOLOv377, YOLOv478, YOLOv5 model79,80, YOLOv781, YOLOv882 and RIA-SpikeNet from83. These models are 
utilized on a publicly available dataset generated through a challenge named the Global Wheat Head Challenge5, 
from seven different institutions. The training data consists of more than 3,000 images from France, the UK, 
Switzerland, and Canada, and the test data includes about 1,000 images from Australia, Japan, and China. A 
brief review of the state-of-the-art deep learning approaches for wheat ear detection has been presented in7. 
In84 authors developed WheatNet, which uses a MobileNetV285 as a backbone and two additional sub-networks 
developed for each module: for wheat detection and density-based counting. In86, a YOLOv587 is applied 
and used as a baseline for wheat ear detection, achieving performance with an average F1 score of 0.93. The 
performance of the cutting-edge DeepMAC segmentation model88 is also reported in86 with the average F1 score 
of ear bounding box detection of 0.93 and segmentation F1 score of 0.86. The method proposed in89 is based 
on RetinaNet90 and achieves the Intersection over Union (IoU) with the applied threshold of 0.5 (mAP@50) 
of 0.92. In91, the approach based on an improved EfficientDet-D0 object detection model92 has been proposed 
using transfer learning methods, i.e., the pre-training of the model backbone network to extract the high-level 
semantic features of wheat ears. In the same work, the random-cutout image augmentation method is proposed 
based on the removal of some of the identified bounding boxes guided by the wheat ear number and its size in 
the images to simulate occlusion in real-environment wheat images. In the final architecture, after the backbone 
suppresses irrelevant information, an additional convolutional block attention module (CBAM) is implemented, 
reaching an accuracy of 94%, which is about 2% higher than the original model. The CTWheatNet model from93 
uses diverse attention-based modules and achieves an mAP@50 of 93%, while one of the novel transformer-
based approaches, WH-DETR, reaches 95.7%. The RIA-SpikeNet from83 is a model that is designed to detect and 
count wheat spikes in complex field environments. The obtained results showed that it outperforms the state-of-
the-art YOLOv8 detection model, achieving a competitive 81.54% mAP and 90.29% R2. All referenced studies 
primarily use the Global Wheat Head Detection (GWHD) Datasets5 for wheat ear detection.

In this paper, we build upon the foundational GWHD framework, using it as the basis for creating our 
dataset. Our contribution involves expanding this dataset by increasing the number of images, varieties, and 
locations, while also improving the quality of the data.

We contribute an additional dataset, BioS-Wheat, containing wheat ears with four different genotypes from 
one additional European location (see Fig. 1). The BioS-Wheat dataset extends the existing GWHD dataset 
in terms of genotypes, type of sensor, and location. The aim is to address the specific problem of wheat ear 
counting, contributing a new dataset that can support future research in solving this issue.

The deep learning architectures used in this work are modifications of Mask RCNN with three different 
backbones and RetinaNet, which are trained both on the reference GWHD dataset and on the extended dataset. 
Additionally, YOLOv8 and RT-DETR architectures are used to demonstrate the contribution of the data 
enhancement to the performance of the learned models.

Materials and methods
Although deep learning models are widely used in many applications, it is still challenging to achieve their 
robustness in plant phenotyping studies because there aren’t many real-world datasets produced in outdoor 
settings5. Furthermore, since these deep learning-based techniques need a lot of data, data variation is also a 
necessary condition for achieving the highest level of accuracy and objectivity. Due to the limited time frame 
and weather conditions for image capture, the inevitable processes–such as planning the experimental field 
and gathering, labeling, and cleaning datasets produced outdoors–face additional challenges. Weather, imaging 
timing, which is dependent on phenological phases, and labor-intensive, time-consuming fieldwork are the 
primary obstacles to data collection. The following paragraph provides an explanation of the BioS-Wheat dataset 
that was gathered for this study. It also reviews previous datasets in the fields of agriculture and phenotyping, 
emphasizing the GWHD as a reference dataset that is used in this paper. With variations in genotypes, location, 
and treatments used, the BioS-Wheat dataset expands the current GWHD dataset.

Open-source dataset overview
The Open Images V494, MS COCO95, and ImageNet96 are a few well-known large open-source datasets that are 
used for deep neural network training and can meet a variety of application demands in object detection tasks. 
Some of the segregated datasets for detecting objects with a focus on dense contexts are PUCPR97, CARPK98, 
which contains Unmanned Aerial Vehicle (UAV) images, and SKU-110K, comprising images of objects on 

Scientific Reports |        (2025) 15:44740 3| https://doi.org/10.1038/s41598-025-28351-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


supermarket shelves99. Nevertheless, images from those datasets usually contain fewer objects belonging to 
generic classes (cars, balloons, etc.), which are slightly overlapped or not overlapped at all. This underscores 
the necessity for a specialized dataset specifically designed for our task. The models we are utilizing have been 
pre-trained on datasets that do not fully capture the complexities of our problem. For instance, many datasets 
consist of images with just two objects occupying 80% of the image pixels, while our dataset contains images with 
over 50 wheat ears. The scale relationships between objects in these images differ significantly, which hampers 
the network’s ability to effectively learn from the data. Additionally, our images often feature more complex 
object overlap, which further complicates the learning process compared to simpler scenarios. Among the 
publicly available datasets created in plant phenotyping studies, the vast majority are made in controlled indoor 
conditions, while only a few of them contain data generated in outdoor (in-field) conditions, such as datasets for 
weed classification100,101, counting of sorghum102,103 and wheat ears104. Overall, existing datasets and pre-trained 
models can serve as a starting point in agricultural applications, but when the outdoor scene is specific, such as 
the plot of wheat, the problem of detecting the objects of interest is grossly aggravated. The GWHD dataset is 
currently the largest open dataset containing high-resolution RGB images of wheat acquired in field conditions, 
together with instance-level annotations and geolocations of wheat ears within them. Within our work, for the 
reference dataset, we use a GWHD dataset and extend it with the newly created BioS-Wheat dataset.

GWHD dataset
The GWHD dataset consists of RGB images acquired during flowering, post-flowering, and ripening wheat 
phenological phases from nine institutions. For purposes of the GWHD challenge105,106 and this study, seven 
datasets are involved (see Table 1).

The wheat is sown with three densities (low, normal, and high) and row spacing from 12.5 cm to 30.5 cm. 
During image acquisition, different cameras mounted on phenotyping platforms are used with varying heights 
in the range from 1.8 m to 3 m above the ground. The focal length of cameras used goes from 7.7 to 60 mm, 
and the Ground Sample Distance (GSD) is in the range from 0.1 to 0.6 mm. Knowing from the literature that 
the average wheat ear length is around 1.5 cm in diameter107, the obtained GSDs are sufficient for a detailed 
representation of wheat ear texture. Even though the high diversity of used camera sensors can help deep 
learning models to generalize better, that also imposes some other challenges due to data harmonization5. For 
the GWHD dataset, the authors did a manual examination of images and removed those that were acquired in an 
earlier phenological growth stage prior to flowering. Since the precise wheat ear detection57 depends on image 

Figure 1.  Example images per sources.
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resolution and wheat ear size, which is conditioned by selected genotype and growth stage during the time of 
acquisition, the authors additionally rescaled images. Finally, the GWHD dataset consists of 3442 RGB images 
with a resolution of 1024x1024, of which 3373 images have wheat ears in them with an average number of 40 ears 
per image. The rest of the images do not contain wheat ears but ground, grass, or weeds. The GWHD dataset was 
labeled by several institutions using the COCO Annotator, the existing web-based labeling platform108,109. For 
the unlabeled datasets, authors from5 used a “weakly supervised deep learning framework”103, that relies on the 
YoloV3 model110 trained on datasets from two sources (Arvalis1 and UTokio1) to obtain labels for the remaining 
unlabeled images. Given that labels in the GWHD dataset are obtained through a semi-automatic approach, 
several issues related to human error can arise. These include occlusion of wheat ears, shadows obscuring certain 
ears, lighting inconsistencies, and perspective-related distortions, which can lead to variations in ear sizes across 
images. Such factors contribute to errors in labeling, necessitating meticulous human verification to ensure 
accuracy in labeling processes.

BioS-Wheat dataset
For the aim of this research study, an experimental outdoor trial with the design presented in Fig. 2 is created 
at the field near Ravno Selo (45.45N 19.62E), in Serbia. Four wheat varieties: Ingenio (In) by Syngenta, NS40S 
(NS), Pobeda (Po), and Futura (Fu) by NS Seme are sown within 24 plots each, with four fertilization treatments 
(see the amounts in Fig. 2), leading to variability in the wheat yield caused by different genotypes and fertilizing 
conditions. A summary of the BioS-Wheat dataset, with the number of images and wheat ears, is presented in 
Table 2. This dataset is notable for its exceptionally high sowing density (500–550 seeds per m2) and minimal 
row spacing (12.5 cm), conditions that are markedly more intensive than those observed in other GWHD 
subsets. This results in increased inter-plant competition and a dense spatial arrangement of wheat ears, leading 
to frequent occlusions, overlaps, and irregular ear orientations. These factors introduce considerable complexity 
in object detection, particularly for models that rely on axis-aligned bounding boxes or are trained on more 
sparsely populated datasets, such as GWHD. Incorporating the BioS-Wheat subset into the training data 
enhances the diversity and difficulty of the learning scenarios, enabling models to better adapt to high-density 
field conditions. This, in turn, improves their robustness and generalization, particularly for applications in 
regions where intensive cultivation practices are common.

Table  3 presents a multi-dimensional comparison of the GWHD and BioS-Wheat datasets, highlighting 
differences in dataset size, annotation granularity, domain coverage, and imaging conditions. While GWHD 
provides diversity in sowing densities and imaging platforms, the inclusion of BioS-Wheat contributes unique 
benefits: it represents extremely dense plots with frequent occlusions, overlapping wheat ears, and irregular 
ear orientations, reflecting more challenging real-world scenarios. Incorporating BioS-Wheat into the study, 
therefore, enhances the robustness and generalizability of phenotyping models, enabling them to handle high-
density, complex field conditions that are not fully captured by existing datasets. This combination of datasets 
provides a more comprehensive foundation for model training and evaluation, supporting both methodological 
innovation and practical applicability in wheat ear detection.

The image acquisition procedure was conducted twice in two wheat growth stages: watery ripe and medium 
milk, according to the BBCH scale111, in the morning hours in the period from 9 AM to 12 PM on cloud-free 
days to mitigate or altogether avoid possible variations in illumination conditions. A smartphone with a triple-
camera system consisting of a 13 mm ultra-wide lens (f/2.4), a 26 mm wide lens (f/1.6), and a 52 mm telephoto 
lens (f/2.0)112 with autofocus and dual optical image stabilization is used for imaging. The smartphone was 
positioned 1 meter above the crop canopy such that the whole ROI, bounded by a 0.5 m x 0.5 m wooden frame, 
was in the center of the image and occupied the middle part of the one wheat plot (see Fig. 2b). Although a 
standardized protocol for image acquisition is not established in the literature, a GSD of 0.3 mm is recommended 
by57, and this recommendation was followed in our study. Acquired raw images were further appropriately 
rotated such that the wooden frame was parallel to the image axis, and the ROI was segmented by extracting 
all pixels within the wooden frame (see Fig. 2). First, the frame was segmented by converting the RGB into the 
HSI (hue, saturation, intensity) color model113 and by applying thresholding within the hue channel, followed 
by a morphological closing operation for noise reduction. The final region denoting the frame is obtained 
using the connected component algorithm, implemented within the OpenCV library114,115, and by selecting 
the component with the largest area. The horizontal lines of the frame were estimated using the Canny edge 

Institution Country Lat Long Stage Row spacing (cm) Sowing density (seeds per m2) Genotypes

Arvalis1 FR 43.7N 5.8E Post-flowering-ripening 17.5 300 20

Arvalis2 FR 43.7N 5.8E Post-flowering 17.5 300 20

Arvalis3 FR 49.7N 3.0E Post-flowering-ripening 17.5 300 4

ETHZ CH 47.4N 8.6E n.a 12.5 400 354

INRAE FR 43.5N 1.5E Post-flowering 16 300 7

RRES UK 51.8N 0.36W n.a n.a 350 6

USASK CA 52.1N 106E n.a 30.5 250 16

BioS-Wheat RS 45.45N 19.62E Post-flowering 12.5 500-550 4

BioS-Wheat RS 45.45N 19.62E Medium-milk 12.5 500-550 4

Table 1.  The extended GWHD table5 with BioS-Wheat data.

 

Scientific Reports |        (2025) 15:44740 5| https://doi.org/10.1038/s41598-025-28351-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


detector116,117 followed by Hough transformation118. The angle for rotation was estimated as the angle between 
the detected horizontal lines of the frame and the horizontal image axis. After the rotation is performed (see 
Fig. 2 b), the ROI within the frame is extracted. Finally, the obtained images of ROIs were divided following the 
same procedure as in5, resulting in 5696 square images of size 1024 x 1024. Moreover, studies are highlighting the 
inherent difficulty of accurately labeling densely overlapping wheat ears or similar complex cases in the GWHD 
dataset. As shown in the second figure from5, these challenging scenarios include overlapping wheat ears, heads 
partially truncated at the image boundaries, and images with low illumination or other suboptimal conditions. 
To address these issues that happen by applying the object detection semi-supervised labeling approach, our 
proposed method for labeling mitigates the impact of high overlap and other annotation challenges by effectively 
separating clustered instances, as illustrated in Fig. 3.

The ground truth labels from extracted ROI images were initially created for semantic segmentation labels 
that were created manually and were further adjusted for instance segmentation tasks. Imprecision within some 
of the ground truth labels, induced by crossing or overlapping among wheat ears, was overcome by utilizing 
distance transformation119 followed by appropriate thresholding, where half of the maximum distance value per 
connected component was selected as the threshold. The final bounding box labels for each denoted wheat ear 
were made using the connected component algorithm114,115. This approach ensures more reliable instance-level 

Varieties images Wheat ears

Ingenio 1472 14,528

NS40S 1344 14,080

Pobeda 1472 13,141

Futura 1408 12,736

Summary 5696 54,485

Table 2.  A composition of Bios-Wheat dataset.

 

Figure 2.  The experiment design with the plots numbered according to different amounts of N treatment in 
autumn and spring, followed by preprocessing steps for the extraction of the frame from raw images. After 
the segmentation of the wooden frame (blue) and image rotation, the final ROI (red) is selected for further 
analysis.
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detection and quantification, even under dense and complex visual conditions, thereby improving robustness 
and annotation consistency in the dataset.

The BioS-Wheat dataset uses the following naming convention: the first two letters of the variety’s name are 
used as markers to distinguish varieties, while the following number from 0 to 23 indicates the number of plots 

Figure 3.  Visualization of the proposed labeling method handling dense and overlapping instances. The 
approach mitigates annotation challenges by effectively separating clustered wheat ears.

 

Feature GWHD Dataset BioS-Wheat Dataset

Number of images 3442 5696

Number of annotated 
objects 197,606 54,485

Classes 1 (wheat head) 1 (wheat head)

Annotation type Axis-aligned bounding boxes Axis-aligned bounding boxes

Annotation precision High; semi-automatic labeling refined manually; minor errors from 
occlusion, lighting, and perspective

High; manual verification; very dense plots with frequent occlusions and 
overlaps

Field conditions Outdoor wheat plots; sowing densities: low, normal, high; row spacing 
12.5–30.5 cm

Outdoor wheat plots; extremely high sowing density (500–550 seeds per m2); 
minimal row spacing 12.5 cm

Growth stage Post-flowering (fully emerged ears) Watery, ripe, and medium milk stages (BBCH scale)

Viewpoint/perspective Nadir or near-nadir; phenotyping platforms or hand-held cameras Nadir; smartphone positioned 1 m above canopy with 0.5 m × 0.5 m ROI frame

Lighting conditions Natural daylight, mostly morning hours; moderate variation in 
brightness Morning hours, cloud-free days; minimized variation

Background/clutter Soil, grass, weeds; moderate occlusion and visual complexity Dense wheat plots; frequent occlusion, overlapping heads, irregular ear 
orientations

Image resolution / GSD 1024 × 1024 px; GSD ≈ 0.1 − 0.6 mm depending on platform 4032 × 3024 px; GSD 0.3 mm per pixel

Camera/sensor types Various RGB cameras on phenotyping platforms Smartphone with triple-camera system (ultra-wide 13 mm, wide 26 mm, 
telephoto 52 mm)

Table 3.  Comparative overview of the GWHD and Bios-Wheat datasets used in the study.
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that belong to a specified variety but also different fertilization treatments. Even though this dataset consists of 
additional information, in this study, all varieties with different fertilizer treatments belong to the same source, 
using the same practice as GWHD. The required form consists of a dictionary with the ID of the image, the width 
and height of the image, the bounding box for each wheat ear, and the image source.

Image quality assessment in datasets
Millions of digital images are shared daily across different platforms, making accurate Image Quality Assessments 
(IQA) very important for enhancing visual experiences.120. Besides its usage in daily social media, IQA plays a 
vital role in academic and technical purposes121,122, particularly when comparing images from different sensors. 
Reliable image quality predictions ensure that images are processed, stored, and displayed correctly, influencing 
their overall effectiveness and interpretation120. To justify the usage of a smartphone next to scientific and 
professional cameras, in this study, we investigate the quality of acquired images within the BioS-Wheat and 
GWHD datasets using objective and commonly used image quality metrics. We will focus on no-reference 
methods for IQA, as no reference image could be singled out, and we aim at an overall assessment of image 
quality in both datasets123. These methods calculate features that describe the image’s structure relevant to 
the human opinion of the image quality. The following three methods will be used for the assessment: Blind/
Referenceless Image Spatial Quality Evaluator (BRISQUE)124, Natural Image Quality Evaluator (NIQE)125, and 
Perception-based Image Quality Evaluator (PIQE)126. However, using multiple metrics is essential to confidently 
validate that smartphone images are suitable for the study, ensuring robust quality assessment across various 
distortions. BRISQUE has the advantage of being opinion-aware, as it is trained on subjective human quality 
scores. PIQE provides local and global quality scores, but could be less computationally efficient compared to 
the other two methods. BRISQUE performs well with specific distortions but is complemented by NIQE and 
PIQE, which handle arbitrary distortions127. All three methods score image quality on a scale from 0 to 100, 
where 100 indicates the poorest quality. In the “Results” are presented results of the metrics that show the images 
in the BioS-Wheat dataset are of high quality. In the following paragraph, we provide a recommendation for the 
high-quality smartphone imaging of wheat ears in outdoor conditions to facilitate data collection and its further 
enrichment.

Image acquisition recommendations
A standard protocol for acquiring wheat ear images in the field, under different outdoor conditions, is still lacking 
because related studies are not aligned128. Different factors, such as the time of day, which causes varying lighting 
conditions, wheat phenological stages, camera perspective, and field of view, need to be considered during image 
acquisition, as they affect the proper performance of wheat ear recognition within acquired images. In9 and6, 
the nadir perspective is presented as a relevant choice during the procedure of image acquisition, especially if 
varieties are sown with high density. Since the height of the wheat can vary about 20%, setting the height of the 
camera during image acquisition is still an open question, which directly affects the visibility of wheat ears in 
images5. RGB cameras are usually used in studies, while the potential of thermal camera usage is mentioned 
in9 with a cautious assessment due to its high cost and lower resolution. For similar reasons, the use of cameras 
for professional photography in the field is discouraged, which further supports the idea of investigating the 
possibility of wheat ear detection using standard, widely available cameras on smartphone devices. Our study 
supports the conclusions of5 that there is no single phenological stage ideal for imaging all genotypes. According to 
the achieved recognition performance in this study, the best period for image acquisition is after flowering, when 
the wheat ears emerge fully, being still light, thus maintaining an upright position and avoiding or minimizing 
the potential overlap between the ears and leaves. Based on these recommendations and gathered experience 
in the field, the BioS-Wheat images were acquired under the following protocol: (i) a nadir perspective; (ii) the 
camera height was set to 1 m above the canopy to ensure the wooden frame was captured, aligning with the 
requirements from5, and (iii) the camera used was with a resolution of 4032 × 3024 pixels, resulting in a ground 
sampling distance (GSD) of 0.3 mm per pixel.

The proposed method for wheat ear detection
In this study, pre-trained models from Detectron2129 and Ultralytics130 are used. Detectron2 is a modular 
PyTorch library developed for the problem of object detection, containing trained models on different publicly 
available datasets and providing baseline results for most of them. Ultralytics publicly shared the YOLO (You 
Only Look Once) evolution series for real-time object detection and image segmentation. The latest YOLO 
versions aim to enhance previous versions with new features for improved performance, flexibility, and efficiency. 
Since this study aims to detect wheat ears in RGB images, it can be referred to as an object detection problem, 
as in the initial report with the GWHD dataset5 where the localization and counting of wheat ears in RGB 
images rely on the faster region-based convolutional neural network (F-RCNN) architectures, consisting of a 
Region Proposal Network (RPN) and Object Detection Network. This architecture achieved the best result of 
0.77 mAP@50 with a mean RMSE of 12.63 wheat ears per image and R2 0.57. Moreover, the same architecture is 
used as one of the most prominent by the first three ranked teams applied to the GWHD challenge105,106. Besides 
this baseline, RetinaNet reported the highest precision of around 90% for wheat ear detection on the different 
classification problems, such as wheat ear maturity stage131 or focusing on the wheat ears from the certain area 
size range on the same dataset (GWHD)89. Within the studies81,132,133, very high mAP@50 results are obtained, 
with YOLOv8 achieving  93%, while transformer-based architectures93,134 and RT-DETR135 report even higher 
results, around  95%. Although these studies demonstrate exceptional precision in addressing the challenges 
of wheat ear detection, they utilized only publicly available GWHD datasets and improved their accuracies 
through data augmentation and synthetic data. In this work, the baseline models are three models that have 
the same backbone as a model in5, and RetinaNet, YOLOv8, and RT-DETR, for their higher performance as 
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the state-of-the-art: F-RCNN R50 FPN 3x, F-RCNN R101 FPN 3x, F-RCNN X101 32x8d FPN 3x, RetinaNet 
R101 FPN 3x, YOLOv8, and RT-DETR. The GWHD challenge did not result in novel architectures that could 
potentially improve the detection of wheat ear overlap or smaller wheat ears. The majority of the participants 
used existing open-source available architectures: EfficientDet92, F-RCNN47, and Yolo-v3110. Nevertheless, that 
might indicate that the network architecture selection is not the prime factor in the final model performance, 
as none of the models used generalize significantly better.106. Additionally, all winners used pseudo-labeling136, 
using the predictions over the test set and fine-tuning the model with mixed data training with pseudo-labeled 
data106. The overall top result is 0.69105, by measuring mAP, a model’s performance according to the weighted 
accuracy depending on the weight of each class106.

Evaluation metrics
The most used metrics in evaluating the performance of deep learning methods for image segmentation tasks 
are the Intersection over Union (IoU), with its variants, along with Average Precision (AP). For evaluation of the 
instance segmentation models, IoU was used as an intermediate step for calculating mAP, which was calculated 
as the mean of AP values calculated on a per-class basis and defined as

	
mAP = 1

n

n∑
i

APi� (1)

where n represents the number of classes in the considered object detection problem. In this study, mAP is 
denoted as mAP@50 since it was used as an IoU threshold, as in5. A wheat ear counting is evaluated with Relative 
Counting Error (RCE) as in41:

	
RCE(i) = |yp(i) − yt(i)|

yt(i)
� (2)

where yp and yt are predicted and ground-truth (targeted) numbers of wheat ears per observed image, i, and 
with accuracy (AC) calculated by the following equation:

	
AC(i) =

{
yp(i)
yt(i) , if yp(i) ≤ yt(i)
2 − yp(i)

yt(i) , otherwise
� (3)

and ensuring that AC lies between 0 and 141.

Hardware
In this study, we used 4 high-performance graphics processing units (GPUs). The GPU employed for the deep 
learning task and complex computational operations was the NVIDIA GeForce RTX 2080 Ti, containing 4352 
CUDA cores and 11 gigabytes of high-bandwidth memory (HBM2). Their single-precision (FP32) computational 
performance reaches up to 13.4 teraflops, yielding a total of 53.6 teraflops across all four GPUs. This substantial 
computational power enabled the efficient training of the selected deep learning models within practical time 
frames.

Results
In this section, we will evaluate the image quality assessment and performance of models for wheat ear detection 
listed in “The proposed method for wheat ear detection” on GWHD separately as well as on the merged dataset, 
which includes GWHD and BioS-Wheat, in the following denoted as BioS-Wheat&GWHD.

Image quality assessment
In Table  4 we summarized all obtained image quality scores (their mean values with standard deviation on 
datasets), while in Fig. 5 distributions of quality scores obtained from the NIQE method applied on both datasets 
are presented. Although the NIQE score, which performs better for GWHD, indicates more favorable results, the 
distribution demonstrates greater stability for the Bios-Wheat dataset compared to GWHD. The overall obtained 
results indicate that the BioS-Wheat dataset has very high-quality images according to these three scores, and the 
usage of a smartphone can be involved in practices of image acquisition in situ in outdoor conditions (Fig. 4).

Wheat ear detection
In this study, we employed 5-fold cross-validation to evaluate the generalization capability of the considered 
models mentioned in “The proposed method for wheat ear detection”. Although the dataset comprises eight 

Dataset BRISQUE NIQE PIQE

GWHD 37.08 ± 13.24 14.87 ± 3.2 23.83 ± 12.48

BioS-Wheat 10.82 ± 5.18 15.55 ± 1.07 8.05 ± 3.17

Table 4.  The image quality assessment—GWHD and BioS-Wheat datasets.
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institutions/sources, the subsets are not equally balanced (see Fig. 5); therefore, we chose a 5-fold scheme instead 
of a leave-one-source-out approach to ensure each fold contains sufficient representation across classes.

Leave-one-source-out (LOSO) cross-validation is not suitable for this dataset due to the extreme imbalance 
among sources, which range from 2 to 27% of the total dataset. Such a split would result in highly variable and 
misleading test metrics: sources representing only 2–3% of the dataset would yield noisy mAP@50 estimates, 
whereas sources representing 23–27% would disproportionately dominate the evaluation and give biased 
results. Consequently, training could be unstable when leaving out large sources, and overall estimates of model 
generalization would be misleading. In contrast, a stratified random split that respects both the overall class 
distribution and source proportions provides a more robust, reproducible, and interpretable evaluation of 
model performance. The folds were generated heuristically, and across repetitions, random splits consistently 
produced the most robust and reproducible results. For each fold, the dataset was split randomly into training, 
validation, and testing sets, while carefully maintaining the overall class distribution to ensure representative 
subsets, as illustrated in Fig.  5. This methodology aligns with principles from information distribution 
theory: random sampling maximizes the entropy of the training and test sets while minimizing potential bias 
introduced by structured or source-based splits, thereby providing a more objective and generalizable estimate 
of model performance across the entire data distribution137,138. Our choice is empirically justified and ensures 
that reported results reliably reflect model capabilities. Ideally, a model trained on multiple datasets, as in our 
case, can be fine-tuned on a reasonable number of examples from a new, unseen dataset and still achieve solid 
performance. However, expecting the model to maintain the same level of performance under a strict leave-one-
source-out regime is unrealistic due to the large number of factors contributing to variability across sources, 
such as illumination, crop growth stage, imaging conditions, and field management practices. This approach 
provides a practical trade-off between robust model training and generalization capability.

Performance metrics are reported for both the validation set and the held-out test set to ensure robust 
assessment. In the first experimental setting, models were fine-tuned only on the GWHD dataset, which 
contains 3373 images and 147,793 annotated wheat ears. Of these, 2699 images were used for training, while 337 

Figure 5.  Left: Example images from each data source, annotated with the corresponding number of wheat 
ears. Right: Average representation of each source in the dataset across 5-fold cross-validation experiments.

 

Figure 4.  The image quality assessment: NIQE.
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images were allocated for validation and 337 for testing. We report both training and inference times to provide 
a comprehensive view of model efficiency. Training times indicate resource requirements, while inference times 
reflect deployment speed. Table 5 presents a comparison of six chosen detection models evaluated on the GWHD 
dataset, reporting average mean Average Precision at 50% IoU (mAP@50), training time, and inference time per 
image. All results are in the range of SOTA results from recent studies139–141.

The results on the GWHD dataset demonstrate a trade-off between accuracy, training time, and inference 
speed across the evaluated models. RT-DETR achieves the highest detection accuracy with an mAP@50 of 
87.47%, benefiting from its transformer-based architecture, but this comes with the longest training time of over 
8 hours and the slowest inference speed at 137 ms per image. Among the CNN-based detectors, YOLOv8 offers 
a compelling balance by achieving competitive accuracy (85.91%) while maintaining the fastest inference time of 
18 ms, making it well-suited for real-time applications, particularly in the context of our extended dataset, which 
includes smartphone data as an additional source. F-RCNN variants exhibit robust performance with mAP 
scores around 85%, with the ResNet-50 backbone offering the shortest training time (approximately 1 hour 40 
minutes) and moderate inference speed (65 ms). Larger backbones, such as ResNeXt-101, increase training and 
inference times substantially, with inference latency reaching 116 ms. RetinaNet with a ResNet-101 backbone 
performs slightly below the best models in accuracy and inference time, positioning itself as a middle ground in 
this comparison. Overall, these findings highlight the importance of considering the trade-offs between model 
complexity, accuracy, and computational efficiency.

The second experiment focused on the performance of the same models trained on the BioS-Wheat dataset, 
and the results are shown in the following Table 6. The results in both Table 5 (GWHD) and Table 6 (BioS-
Wheat) highlight key differences in model behavior between our proposed dataset and the existing public 
benchmark. On BioS-Wheat, RT-DETR achieves the highest accuracy with an mAP@50 of 90.1, surpassing all 
other models, though at the cost of the longest training duration and highest inference time. YOLOv8 offers a 
strong balance, with the second-best accuracy (87.2 mAP@50) and the fastest inference speed (18 ms), making 
it particularly attractive for real-time applications, running on smartphones. RetinaNet and F-RCNN variants 
perform competitively but generally underperform compared to YOLOv8 and RT-DETR in both accuracy and 
speed trade-offs. In contrast, results on GWHD show overall lower performance variation among models, with 
accuracies clustered in the 84–87 mAP@50 range. RT-DETR again leads with the highest accuracy (87.47), while 
YOLOv8 demonstrates consistently fast inference with competitive accuracy (85.91). Interestingly, models such 
as F-RCNN R50 achieve relatively higher accuracy on GWHD than on BioS-Wheat, suggesting that the BioS-
Wheat dataset poses additional challenges due to its higher density of objects, more pronounced variability, and 
realistic field-specific conditions. Overall, these results confirm that while RT-DETR offers superior accuracy 
across both datasets, YOLOv8 provides the best compromise between speed and accuracy, especially for 
operational deployment. The differences observed between BioS-Wheat and GWHD underscore the importance 
of dataset characteristics in model evaluation, reinforcing the relevance of BioS-Wheat for testing robustness 
under real-world agricultural variability.

The third experiment focused on the performance of the same models trained on the standard dataset and 
fine-tuned on the merged dataset (BioS-Wheat + GWHD). The whole dataset consists of 9059 wheat ear images 
with 202278 wheat ears, where 7247 images are used for training and 453 images for validation and testing. This 
choice is consistent with best practices in transfer learning, where maximizing training data is prioritized, and a 
smaller validation set is sufficient for performance tracking142,143.

Model mAP@50 Training duration Inference time

F-RCNN R 50 79.58 ± 1.24 1h 45min 12s 65 ms

F-RCNN R 101 71.21 ± 1.75 2h 15min 07s 27 ms

F-RCNN X 101 32x8d 83.58 ± 2.34 4h 25min 11s 116 ms

RetinaNet R 101 86.4 ± 1.96 2h 10min 22s 85 ms

YOLOv8 87.2 ± 1.41 5h 20min 10s 18 ms

RT-DETR 90.1 ± 0.12 9h 01min 36s 137 ms

Table 6.  BioS-Wheat—results.

 

Model mAP@50 Training time Inference time

F-RCNN R 50 85.37 ± 0.87 1h 40min 56s 65 ms

F-RCNN R 101 85.07 ± 0.38 2h 10min 52s 97 ms

F-RCNN X 101 32x8d 84.84 ± 0.37 4h 6min 17s 116 ms

RetinaNet R 101 84.79 ± 0.46 2h 7min 43s 85 ms

YOLOv8 85.91 ± 0.46 5h 12min 18s 18 ms

RT-DETR 87.47 ± 0.21 8h 48min 2s 137 ms

Table 5.  GWHD dataset—results.
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All experiments were executed under a consistent training procedure, using the same set of hyperparameters 
across all datasets. The learning rate was set to 0.0001, the batch size was fixed at 4 images per iteration, and the 
learning rate scheduler was configured as WarmupCosineLR to provide a gradual warmup followed by cosine 
decay, promoting stable convergence. The optimizer was stochastic gradient descent (SGD) with momentum, as 
in the default configuration. Empirically, learning rates in the range 0.0001 to 0.01 and batch sizes from 2 to 8 
were tested, with the selected values yielding the most stable training and highest validation performance, while 
higher learning rates or larger batch sizes often caused oscillations in the loss or slower convergence.

Models that have demonstrated the most stable and SOTA results across various studies: YOLOv8144 and 
RT-DETR, a Vision Transformer-Based Real-Time Object Detector145 showed substantial improvements in 
accuracy compared to F-RCNN models, while the training time and resources were considerable, with YOLOv8 
requiring 5.921 hours and RT-DETR taking 9.2 hours to complete 100 epochs (see Table 7).

When evaluated on the merged dataset including BioS-Wheat, a few models exhibited reduced detection 
precision compared to training solely on less dense subsets. The increased visual complexity introduced by the 
BioS-Wheat data, characterized by tighter spacing and higher plant density, proved particularly challenging for 
models like F-RCNN R101 and RetinaNet, which showed slight performance degradation. However, models 
with stronger generalization capabilities, such as YOLOv8 and RT-DETR, maintained relatively stable mAP 
scores, indicating improved resilience to occlusion and object overlap. The examples of images with detected 
wheat ears from the merged dataset are shown in Fig.  6.

The integration of the BioS-Wheat dataset revealed divergent behaviors across the evaluated architectures 
(see Table 8). The F-RCNN models, particularly the R101 backbone, exhibited a decline in performance, with 
a sharp reduction of 12.71 mAP50, suggesting limited robustness to data heterogeneity and possible overfitting 
to the original distribution. In contrast, RetinaNet, YOLOv8, and RT-DETR benefited from the extended 
dataset, indicating stronger generalization capabilities; among them, RT-DETR demonstrated the highest 
gain (3.53mAP50), underscoring its capacity to use additional variability in the training data. Training times 
increased consistently across all models, which is expected given the expanded input, while inference times 
remained generally stable because that is most related to the architecture, not the data. On the other side, the 
integration of the BioS-Wheat dataset into the GWHD dataset results in a statistically significant improvement in 
overall detection performance. Notably, the BioS-Wheat subset introduces agronomically dense wheat varieties 

Figure 6.  Detected wheat ears on test images by RetinaNet R 101 from the merged dataset; left the result on 
the example from the BioS-Wheat dataset, right from the GWHD dataset.

 

Model mAP@50 Training duration Inference time

F-RCNN R 50 81.48 ± 2.31 1h 49min 34s 65 ms

F-RCNN R 101 72.36 ± 0.69 2h 22min 12s 27 ms

F-RCNN X 101 32x8d 84.33 ± 0.37 4h 36min 21s 116 ms

RetinaNet R 101 87.79 ± 0.76 2h 17min 41s 85 ms

YOLOv8 88.00 ± 0.56 5h 34min 11s 18 ms

RT-DETR 91.00 ± 0.41 9h 14min 42s 137 ms

Table 7.  BioS-Wheat + GWHD dataset–Results.
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and complex field conditions–characterized by high sowing density, pronounced occlusion, overlapping wheat 
ears, and increased visual clutter–which are largely underrepresented in the original GWHD distribution. This 
enrichment enhances the model’s ability to generalize across more diverse and challenging scenarios.

The modest quantitative gains observed in model metrics are, therefore, not a reflection of redundancy or 
noise, but rather of the dataset pushing the limits of existing architectures. Indeed, such data exposes blind spots 
in conventional detectors, making it invaluable for stress-testing robustness and generalization. Moreover, from 
an applied perspective, BioS-Wheat represents realistic field conditions in high-intensity agricultural practices 
where visual complexity is inevitable. While more complex detection architectures (e.g., incorporating oriented 
bounding boxes, transformer-based attention, or instance segmentation) may better handle such scenarios, 
they often come at the cost of inference speed and computational overhead. Given our long-term objective of 
achieving real-time wheat ear detection in practical field deployments, this trade-off is non-trivial. Therefore, 
incorporating BioS-Wheat in model development is a strategic step: it injects complexity that enhances 
robustness without overfitting to artificially idealized cases, and it does so while preserving the possibility of 
lightweight inference.

Overall, the problem of multi-detection and over-counting of wheat ears is manifest in this challenging topic. 
Many authors, such as89, seek simplification and reach higher precision by removing certain critical bounding 
box areas using an adjusted RetinaNet model. This approach boosts the precision score but reduces the ability to 
detect very small or very large wheat ears in images (the applied threshold on a calculated area of the bounding 
box excludes those that are smaller than 20 and larger than 2 × 105 pixels). One additional way to address 
this issue is to align all images in the dataset to a horizontal orientation, as suggested by David et al.106, or by 
employing oriented bounding boxes that can better capture non-axis-aligned objects, as proposed by Yu et al.146. 
We further analyzed the RT-DETR model, which achieved the highest mAP@50 on the merged dataset (see 
Table 7), in detection performances per source (see Table 9). High variability in the standard deviation of the 
mAP@50 metric suggests sensitivity to intra-source differences. Incorporating such diverse sources, though 
challenging, enhances the overall merged dataset’s robustness.

In summary, the intention of the BioS-Wheat dataset inclusion is not primarily for improving detection 
performances but to ensure that detection models are exposed to the full spectrum of real-world variability, 
thereby aligning development with agronomic relevance and operational feasibility. In addition, robustness 
experiments were conducted to assess model performance under realistic image perturbations, such as variations 
in brightness, Gaussian and motion blur, and JPEG compression. These tests demonstrate that the model 
maintains a consistently high mAP50, the main evaluation metric emphasized in this study, across a wide range 
of conditions. For example, brightness adjustments of ±30% or moderate Gaussian blur (kernel sizes 3 × 3 
to 7 × 7) result in minimal changes to mAP50, while moderate JPEG compression (quality q = 30–50) also 
preserves high performance (mAP50 ≥ 0.86). Only extreme compression (q = 10) leads to a notable decrease 
(mAP50 = 0.81), illustrating expected sensitivity. Overall, these results indicate that the model is robust to 
common real-world perturbations, further supporting its reliability and suitability for practical agricultural 
deployment (Table 10).

Wheat ear counting
The precision of wheat ear counting is evaluated based on the mentioned metrics: RCE and AC. The best model 
achieved an RCE of 0.11 and an AC of 0.885 for the BioS-Wheat dataset. In addition to those metrics, for 
precision evaluation, we used the R2 score147 and standard correlation coefficients: Pearson148, Spearman149, and 
Kendall150. Moreover, to get insight into the number of ears detected multiple times or undetected, we calculate 
a Mean Squared Error (MSE) and Root Mean Square Error (RMSE) between the detected number and the true 
number of wheat ears. The results are presented in Table 11.

The overall metrics indicate that the model has a good but not perfect fit across the BioS-Wheat dataset. 
The Pearson, Spearman, and Kendall correlations demonstrate a strong alignment between true number of 

Arvalis1 BioS-Wheat RRES1 Arvalis2 ETHZ1 USASK1 Arvalis3 INRAE1

35.33 ± 0.76 53.17 ± 0.40 53.83 ± 1.93 32.31 ± 3.81 41.68 ± 1.52 42.43 ± 3.31 41.30 ± 8.26 52.82 ± 2.37

Table 9.  Average mAP@50 obtained by RT-DETR across sources.

 

Model ∆mAP@50 ∆ Training duration

F-RCNN R 50 − 3.89 +08min 38s

F-RCNN R 101 − 12.71 +11min 20s

F-RCNN X 101 32x8d − 0.51 +30min 04s

RetinaNet R 101 +3.00 +09min 58s

YOLOv8 +2.09 +21min 53s

RT-DETR +3.53 +26min 40s

Table 8.  A relative performance comparison of models trained on the merged dataset against the GWHD 
baseline.
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wheat ears and detected counts, indicating that the model effectively captures the general trend and ranking. 
However, the R2 score, MSE, and RMSE indicate that the model’s predictions are not perfectly aligned with the 
true number of wheat ears, revealing areas where accuracy could be enhanced. To better understand the model’s 
performance and identify specific areas for improvement, we conducted a detailed analysis of each variety within 
our dataset (see results in Table 12).

The analysis reveals that for the Futura wheat ears, the model achieved the strongest overall correlations 
and R2 score, suggesting the detection model performs best on this variety, providing both high linear and 
monotonic agreement with the true number of wheat ears. It is a variety known as a high-yielding bread 
wheat variety characterized by dense, well-defined, and uniformly shaped ears–traits that likely enhance its 
visibility in aerial imagery. For Pobeda wheat ears, the model also shows strong correlations and a high R2 score, 
making it the second most accurately detected variety. It is a robust variety widely grown in the Balkans for its 
adaptability and moderate resistance to lodging, often featuring large, erect ears with consistent spacing, which 
aids detection precision. Wheat ears of NS40S and Ingenio varieties are the most imprecisely detected, and thus 
lower correlations and R2 scores are achieved, especially for the Ingenio variety.

Additionally, the KDE (Kernel Density Estimation) plot in Fig.  7 illustrates how closely the number of 
detected wheat ears matches the number counted in different varieties. For Pobeda and Futura, the data points 
are densely clustered along the diagonal, indicating strong agreement between the numbers of the detected and 
the true number of wheat ears. Futura exhibits a slightly broader distribution, suggesting minor deviations but 
overall consistency. Ingenio shows more variability compared to Pobeda and Futura, though its core density still 
follows the diagonal, implying that, despite greater variation, the model generally performs well. NS40S displays 
the widest spread, indicating the greatest inconsistency and lowest detection accuracy among the four varieties.

Discussion
The published studies in the field of wheat ear detection are dedicated to limited datasets that depend on 
geographical location, imposing challenges during the migration of developed and trained models to other 
regions. To the best of our knowledge, no other wheat ear-labeled dataset has been systematically collected 
by a smartphone. The inclusion of the BioS-Wheat subset to GWHD introduces a meaningful shift in data 
complexity, emphasizing the impact of agronomic diversity on model performance. High sowing density and 

Variety Pearson Spearman Kendall R2 score

Ingenio 0.809 0.684 0.812 0.616

NS40S 0.846 0.707 0.839 0.694

Pobeda 0.889 0.778 0.886 0.767

Futura 0.905 0.896 0.795 0.805

Table 12.  Correlations between the numbers of detected and the true number of wheat ears in the BioS-Wheat 
dataset per variety.

 

Pearson Spearman Kendall R2 score MSE RMSE

0.849 0.724 0.846 0.693 2.67 1.634

Table 11.  Correlations between labeled and detected wheat ears in the BioS-Wheat dataset.

 

Perturbation Precision Recall F1 mAP50

Brightness -30 0.91 0.87 0.89 0.90

Brightness 0 0.92 0.89 0.90 0.91

Brightness +30 0.91 0.87 0.88 0.90

Gaussian 3 0.90 0.87 0.88 0.89

Gaussian 5 0.89 0.85 0.87 0.88

Gaussian 7 0.88 0.834 0.86 0.87

JPEG 10 0.82 0.77 0.80 0.81

JPEG 30 0.87 0.84 0.85 0.86

JPEG 50 0.90 0.87 0.88 0.89

Motion 3 0.91 0.88 0.89 0.90

Motion 5 0.90 0.87 0.88 0.89

Motion 7 0.88 0.85 0.90 0.87

Table 10.  Robustness evaluation of the model under various image perturbations. mAP50 is emphasized as 
the main metric.
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minimal row spacing lead to increased object occlusion and dense spatial arrangements, which challenge 
standard object detectors, particularly those with fixed anchor sizes or limited capacity to model irregular 
shapes. Nonetheless, training with such data is beneficial, as it exposes models to real-world variability. This 
fosters robustness, especially in deployment scenarios where field conditions are less controlled and denser crop 
structures are prevalent. This study includes data collection and harmonization steps that are validated by the 
image quality methods. Moreover, applying deep learning methods gives insights into how adding different 
geographical locations affects distinguishing wheat ears across the spatial distribution.

The deep learning methods that are compared in this study are F-RCNN and RetinaNet, recognized as those 
achieving the highest precision in57,131, YOLOv8, and RT-DETR. The superior performance of RT-DETR and 
YOLOv8 in our study can be additionally explained by their ability to effectively model densely distributed and 
highly occluded objects, as exemplified in the BioS-Wheat dataset. In the case of RT-DETR, the transformer-based 
architecture uses global self-attention, enabling the model to capture long-range dependencies and contextual 
relationships across the image. This facilitates better differentiation between individual wheat ears, even when 
they are heavily overlapping or partially occluded, by learning relational cues beyond local receptive fields. Such 
global reasoning allows RT-DETR to map individual instances more precisely and reduces the misclassification or 
suppression of adjacent objects. Additionally, we include confidence–performance curves illustrating precision, 
recall, and F1 across confidence thresholds (see Fig. 8), which demonstrate stable calibration and consistent 
performance trends across folds, reinforcing the systematic advantages of this architecture.

YOLOv8, in contrast, achieves robustness through an anchor-free detection paradigm and an optimized 
multi-scale backbone. By directly predicting object centers instead of relying on fixed anchor boxes, YOLOv8 
circumvents the limitations of anchor matching in crowded regions. This design is particularly advantageous 
in wheat plots, where wheat ears appear at varying sizes and often overlap. The improved multi-scale feature 

Figure 7.  KDE plots showing the density of detection results for each wheat variety in the BioS-Wheat dataset, 
highlighting differences in model performance and alignment with true number of wheat ears.

 

Scientific Reports |        (2025) 15:44740 15| https://doi.org/10.1038/s41598-025-28351-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


extraction further enhances the detection of smaller and partially visible ears, resulting in more stable 
localization and reduced overlap errors. By comparison, traditional anchor-based detectors such as F-RCNN 
and RetinaNet exhibit performance degradation under these conditions, as dense object distributions lead to 
anchor redundancy, misaligned proposals, and excessive non-maximum suppression. Collectively, these findings 
highlight how the architectural choices of RT-DETR and YOLOv8 enable superior adaptation to complex, high-
density agricultural imagery, underscoring their robustness relative to older detection frameworks.

In studies, such as57,131, models that usually achieved high performances are applied with some simplifications 
that include the division of the image dataset into two classes based on wheat ear maturity, which introduced 
another layer of complexity, and by excluding some potentially erroneous samples to avoid learning from 
inaccurate data. The results from this study support the previous findings that deep learning models and transfer 
learning approaches for object detection can be successfully learned and applied to datasets containing images 
across many countries with different wheat ear densities and growing environments. Even though the shape and 
grains of wheat ears tend to be more stable during growing stages, the contrast in images between the wheat ears, 
background, and leaves is more pronounced, which further aggravates wheat ear detection57,74,151.

To face a common challenge for all automatic and semi-automatic labeling methods used for wheat ears, which 
can even occur during manual annotation, in future work the alternative strategies for instance separation, such 
as watershed-based methods, learnable instance separation, or direct object detection approaches using models 
like the latest versions of YOLO, will be considered, highlighting potential avenues for improving robustness in 
dense and overlapping scenarios.

The incorporation of the BioS-Wheat dataset effectively acts as a “stress test” for model generalization. While 
classical anchor-based models, such as F-RCNN with a ResNet-101 backbone, exhibited a notable performance 
decline under these conditions, modern architectures like RT-DETR and YOLOv8 remained stable or improved. 
This difference arises because BioS-Wheat introduces higher object density and increased occlusion, which 
challenge the adaptability of models reliant on region proposal networks and predefined anchors. In contrast, 

Figure 8.  Confidence-based performance evaluation. Top panels: Precision–Confidence (left) and Recall–
Confidence (right) curves showing precision increasing and recall decreasing smoothly with confidence, 
indicative of good calibration. Bottom panels: Precision–Recall (left) and F1–Confidence (right) curves, 
demonstrating stable high precision across recall values and identifying an optimal F1 operating point 
(confidence around 0.54, F1 is 0.89). The consistent monotonic behavior across all curves confirms the model’s 
reliable probability calibration and supports its suitability for field deployment.
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architectures with global attention mechanisms or anchor-free, multi-scale detection capabilities are better 
equipped to generalize under such complex scenarios, highlighting the enhanced robustness of contemporary 
object detectors in dense and occluded environments.

By analyzing varieties within the Bios-Wheat dataset, Pobeda and Futura demonstrate stronger alignment 
and more consistency between the number of wheat ears detected and true value, indicating a higher detection 
accuracy for these varieties. Ingenio and NS40S show a slight increase in variability, which could mean lower 
detection precision for these varieties. This analysis suggests that the detection model performs best with Pobeda 
and Futura, while it may require further refinement to handle other varieties with more precision.

In this study, several models were evaluated to identify the models that achieve sufficient robustness in 
performance for data from different geographic locations and sources, and different growth stages, in order to 
avoid the restrictive model usage on images acquired during a specific growth stage. This means that potential 
users will not be restricted by any established image timing protocols since there aren’t any currently in place. 
Achieving sufficient robustness at different varieties, growth stages, and locations can provide a good baseline 
for establishing the procedure for image crowdsourcing, which would further facilitate dataset expansion and 
model improvements. Even though the RetinaNet showed lower time complexity when struggling with a few 
classes, the F-RCNN showed better overall results in basic DNN models, while RT-DETR showed the best results 
in average precision but the highest complexity, resource demand, and training duration.

Conclusions
The BioS-Wheat dataset advances the standardization of agricultural computer vision by providing a reproducible 
and high-density benchmark for wheat ear detection under realistic and complex field conditions. Developed 
under the principles of open science, BioS-Wheat, together with its accompanying framework, enhances 
transparency, comparability, and methodological rigor within the research community. Its scalable design 
enables the development of robust, field-adaptable models that extend beyond wheat to diverse genotypes, 
cultivation systems, and phenotyping tasks, thereby facilitating large-scale crop monitoring and precision 
agriculture applications. Incorporating the BioS-Wheat subset into the GWHD dataset significantly enhances 
its representativeness by introducing high-density, occlusion-heavy imagery. Although this complexity can lead 
to slight model performance drops, it ultimately supports the development of more robust, adaptable wheat ear 
detectors. The results underscore the importance of including agronomically diverse and visually challenging 
data in model training to ensure performance reliability across a broader range of field conditions. Moreover, 
this study shows that the usage of affordable sensors and ’good enough’ technology can provide many benefits. It 
facilitates the data collection, which directly results in the improvement of data-driven learning algorithms and 
their performance, but also extends databases among countries, different genotypes, and species. The agricultural 
industry has been transformed by the emergence of affordable technologies, particularly smartphones, which 
have provided farmers with new ways to manage their fields more effectively. Smartphones can be used to 
monitor soil and crop health, access real-time weather information, remotely manage farm operations, practice 
precision agriculture, and collect data efficiently. These technological advancements have boosted productivity 
and efficiency in agriculture, empowering farmers to make better-informed decisions and increase their yields.

Data availability
The code used in this study is available from the corresponding author upon request. The dataset will be made 
publicly available on the Zenodo platform following the publication of the paper.
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