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Abstract
To rapidly and accurately obtain information on the number of lost kernels
during corn harvest for management tasks such as adjusting harvesting losses,
the performance of mainstream single-stage and two-stage object detection net-
works for field corn kernel counting was comparatively evaluated. First, an RGB
camera was used to acquire image data containing different backgrounds and
lighting conditions, and a dataset was further generated; second, different ob-
ject detection networks for kernel recognition were constructed, including Mask
RCNN, EfficientDet-D5, YOLOv5-L, and YOLOX-L, and the four constructed
networks were trained, validated, and tested using the collected 420 valid images,
with 200, 40, and 180 images respectively; finally, kernel counting performance
evaluation was conducted based on the recognition results of the test set im-
ages. The experimental results showed that the YOLOv5-L network achieved
an average precision of 78.3% for test set image detection, with a model size of
only 89.3 MB; the detection accuracy, miss rate, and F1-score for kernel count-
ing were 90.7%, 9.3%, and 91.1% respectively, with a processing speed of 55.55
f/s. Its recognition and counting performance were superior to those of Mask
R-CNN, EfficientDet-D5, and YOLOX-L networks, and it demonstrated strong
robustness to images with different degrees of ground occlusion and kernel ag-
gregation states. The deep learning object detection network YOLOv5-L can
achieve real-time monitoring of corn harvest loss kernels in actual operations,
with high accuracy and strong applicability.
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Abstract

To rapidly and accurately obtain information on lost corn kernels during harvest
for adjusting combine settings and managing harvest losses, this study evalu-
ated and compared the performance of mainstream single-stage and two-stage
object detection networks for infield corn kernel counting. First, an RGB cam-
era was used to acquire images under varying backgrounds and illumination
conditions to construct a comprehensive dataset. Second, four different tar-
get detection networks were implemented for kernel recognition: Mask R-CNN,
EfficientDet-D5, YOLOv5-L, and YOLOX-L. A total of 420 effective images
were collected for training, validation, and testing, with 200 images for training,
40 for validation, and 180 for testing. Finally, kernel counting performance was
evaluated based on recognition results from the test set images. Experimen-
tal results demonstrated that the YOLOv5-L network achieved the best overall
performance among the four models. The average precision (AP) for test set
images reached 78.3%, with a model size of only 89.3 MB. The detection accu-
racy, miss-detection rate, and F1-score for kernel counting were 90.7%, 9.3%,
and 91.1%, respectively, with a processing speed of 55.55 f/s. Both recognition
and counting performance surpassed those of Mask R-CNN, EfficientDet-D5,
and YOLOX-L networks, exhibiting strong robustness across images with vary-
ing degrees of ground occlusion and kernel aggregation states. The YOLOv5-L
network enables real-time monitoring of corn harvest loss kernels in practical
operations with high precision and strong applicability.

Keywords: harvest loss; infield corn kernel; deep learning; kernel counting;
YOLOv5-L; YOLOX-L; Mask R-CNN; EfficientDet-D5
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1 Introduction
As one of the traditional staple crops, corn has become the most widely cul-
tivated and traded crop worldwide due to its versatile “grain-feed-forage”at-
tributes. Compared with rice and wheat, corn experiences relatively higher
grain loss rates during mechanical harvesting. Conducting research on monitor-
ing corn kernel loss during field harvest is of great significance for evaluating
combine harvester performance, enabling autonomous loss adjustment, and en-
suring actual grain yield.

Current corn harvest loss detection primarily relies on sensors installed at dif-
ferent positions on the harvester (such as the cleaning sieve or straw outlet),
including optical, acoustic, microwave, piezoelectric ceramic, and piezoelectric
film sensors. These sensors capture signal characteristics like frequency and am-
plitude when kernels impact the sensing plate, and machine learning methods
are employed to construct predictive models for real-time monitoring of field
corn harvest loss rates. However, factors such as impact angle and velocity vari-
ations often cause false recognition. Moreover, limitations in sensitive material
properties (installation position, sensitivity, effective range), crop conditions,
and harvester operating parameters (feed rate, straw-to-grain ratio, travel speed,
drum speed) reduce the reliability of loss estimation based on single-stage mon-
itoring (e.g., separation and cleaning). Consequently, sensor-based methods,
influenced by multiple complex factors, struggle to meet the precise and effi-
cient requirements for monitoring corn harvest loss rates in practical operations.
There is an urgent need for a method that can directly, rapidly, and accurately
count lost kernels during harvest.

Machine vision technology has proven feasible for corn kernel quality grading,
mass estimation, and damage detection. Building upon this, researchers have
proposed image processing methods for grain harvest loss detection through
grayscale conversion, denoising, and segmentation, combined with analysis of
grain shape, color, and area attributes. However, inconsistent thresholds and
image variations compromise the reliability and stability of counting results.
These methods also focus on specific harvest stages (threshing, cleaning) while
neglecting direct detection of field surface kernels that truly reflect harvest loss.
With advances in deep learning-based object detection technology demonstrat-
ing great potential for improving detection accuracy, efficiency, and robustness,
Monhollen et al. proposed a target detection network for direct identification
of field surface kernels, achieving 82% loss detection accuracy. However, this
approach required clearing residues before image acquisition, making the oper-
ation cumbersome and limiting counting accuracy based on residue clearance
effectiveness.

Existing detection methods still fall short of ideal practical requirements in
terms of accuracy and applicability. Deep learning offers the potential to fur-
ther improve corn harvest loss monitoring precision. Therefore, this study aims
to evaluate the feasibility and performance of deep learning technology for direct
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counting of real surface kernels, thereby simplifying detection steps and achiev-
ing comprehensive improvements in monitoring accuracy and applicability. The
main contributions include: (1) collecting real ground surface image data after
corn harvest using an RGB camera; (2) constructing both a two-stage detection
network (Mask R-CNN) and single-stage detection networks (EfficientDet-D5,
YOLOv5-L, YOLOX-L) for corn kernel counting; and (3) analyzing the impact
of different ground occlusion levels and kernel aggregation states on final count-
ing performance to identify the optimal deep learning model for infield corn
harvest loss kernel counting.

2 Materials and Methods
2.1 Image Acquisition

Test data were collected from corn experimental fields in Grand Forks County,
North Dakota, USA, targeting corn kernels left on the ground during harvest.
To avoid straw dust affecting image quality during harvesting, image acquisi-
tion was performed after harvesting using an EOS Rebel T7i camera (image
resolution 2000$×$2000, frame rate 6 f/s, auto-exposure and auto-focus modes)
mounted at a vertical height of approximately 1.3 m above the ground. The
field harvest scenario and image acquisition equipment are illustrated in [Figure
1: see original paper]. Sample collection was conducted on November 7, 2020,
from 8:00 to 11:00 AM, yielding 500 images.

2.2 Technical Route

This study aimed to analyze collected images using deep learning algorithms to
achieve automatic detection and counting of infield corn kernels. The overall
technical route, shown in [Figure 2: see original paper], comprises three main
components: (1) dataset construction—selecting valid image frames, classifying
scenes, and annotating kernels to build a target detection dataset; (2) corn ker-
nel counting—constructing and training different network models for real-time
counting of harvest loss kernels; and (3) result analysis—visualizing model train-
ing processes, evaluating different methods on the test set, and recommending
optimal models.

2.2.1 Dataset Construction To ensure image validity for model training and
testing, 420 images containing clear corn kernels (totaling 6,773 kernels) were
manually selected as the complete dataset. These were randomly divided into
200 training images (1,628 kernels), 40 validation images (224 kernels), and 180
test images (4,921 kernels). The validation set was used to tune hyperparameters
and prevent overfitting. Labelme software was employed for data annotation,
and datasets were constructed in COCO (Common Objects in COntext) format.
To accurately assess model applicability and guidance for harvest loss reduction,
test set images were categorized into four types based on field straw occlusion
levels and kernel aggregation states [Figure 3: see original paper]: bare ground
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(60 images, 1,415 kernels), semi-occluded ground (60 images, 1,372 kernels), fully
occluded ground (31 images, 218 kernels), and kernel aggregation (29 images,
1,916 kernels). Bare, semi-occluded, and fully occluded ground refer to images
where the ground pixel area ratio to total image pixels falls within (0.85, 1),
[0.35, 0.85], and (0, 0.35) intervals, respectively, with discrete kernel distribution.
Kernel aggregation typically refers to images with more than 12 adhered or
stacked kernels.“Occlusion”in scene naming refers to straw covering the ground
surface.

2.2.2 Method Design To address limitations of traditional object detection
algorithms—such as low recognition accuracy, poor model applicability, and
strong feature dependency—this study selected deep learning networks with
proven advantages and wide application. This approach simplifies feature de-
sign and region selection while reducing the impact of manually constructed
features on detection accuracy and efficiency, enabling high-precision real-time
corn kernel detection. Since deep learning-based object detection algorithms
can be categorized into region proposal-based two-stage methods and regression
analysis-based single-stage methods, representative networks from both cate-
gories were selected to compare their suitability for kernel detection.

For two-stage methods, existing R-CNN, SPP-Net, Fast R-CNN, and Faster R-
CNN networks perform inferior to Mask R-CNN, which possesses dual functions
of object detection and segmentation. Moreover, Mask R-CNN functions equiv-
alently to Faster R-CNN when segmentation is not considered. Therefore, Mask
R-CNN was selected as the two-stage representative. As the mainstream direc-
tion, single-stage methods have seen various network models proposed through
improvements in feature extraction networks, multi-scale fusion mechanisms, la-
bel assignment strategies, and NMS-Free detectors. The YOLO series is the
most classic and efficient, leading to the selection of YOLOv5-L and YOLOX-L
for comparing model generalization with and without anchor boxes. Addition-
ally, EfficientDet-D5 was chosen to evaluate the feasibility of balancing detec-
tion accuracy and efficiency through unified scaling of network depth, width,
and resolution under fixed resource constraints.

Mask R-CNN is a two-stage detection network that builds upon Faster R-CNN
by introducing a parallel mask branch and ROI Align algorithm to eliminate
rounding errors and improve accuracy [Figure 4: see original paper]. Capable
of pixel-level object mask output, it is often used as a benchmark for evaluating
other networks. After image input, the backbone network generates and fuses
feature maps with different scales and semantic information. The Region Pro-
posal Network (RPN) and ROI Align layer identify optimal target candidate
regions and resolve misalignment between feature maps and the original image,
enabling classification and prediction of target categories, positions, and masks.

EfficientDet is a single-stage detection model that proposes a weighted bidi-
rectional feature pyramid network (BiFPN) for fast multi-scale feature fusion,
based on neural architecture search FPN (NAS-FPN) and path aggregation
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network (PANet) principles [Figure 5: see original paper]. This approach signif-
icantly improves detection accuracy and efficiency. EfficientDet primarily con-
sists of a backbone feature extraction network, an enhanced feature extraction
network, and a prediction network responsible for multi-scale feature extraction,
fusion, and target position/category prediction.

YOLOv5 inherits the architecture of YOLOv4, dividing input images into S×S
grids where the grid containing the target center predicts bounding box position,
classification probability, and confidence [Figure 6: see original paper]. After
input preprocessing, images enter a backbone network based on Cross Stage
Partial Network (CSPNet) and Focus architecture for three-scale kernel feature
extraction. Features are then aggregated in the Neck module using FPN and
PANet structures before entering the Head module, which uses anchor boxes
to produce output results with confidence and box coordinates. To enhance
detection performance for occluded and overlapping kernels, GIOU_{Loss} was
adopted as the bounding box loss function, and weighted non-maximum sup-
pression was applied for filtering.

YOLOX optimizes YOLOv3 by incorporating recent deep learning research
achievements and training techniques [Figure 7: see original paper]. The model
retains the Darknet53+SPP backbone and FPN architecture from YOLOv3
while improving the input and Head modules. The input employs Mosaic and
Mixup data augmentation to enrich detection backgrounds. The Head module
introduces Decoupled head, Anchor-free, Multi positives, and SimOTA opera-
tions to accelerate model convergence, improve computational efficiency, and
alleviate positive-negative sample imbalance, achieving optimal sample match-
ing under global information. The added IoU branch in Decoupled head en-
hances prediction capability, enabling faster and more accurate bounding box
regression.

Among the four selected networks, EfficientDet, YOLOv5, and YOLOX have
different model series. To maximize detection accuracy and efficiency under
fixed resource constraints, EfficientDet-D5, YOLOv5-L, and YOLOX-L were
selected. Network training initialization parameters were set as: initial learning
rate 0.003, maximum iterations 100, momentum 0.9, batch size 4, and Adam
optimizer. Due to its two-stage nature, Mask R-CNN required 60,000 iterations
for convergence.

2.2.3 Evaluation Metrics To quantitatively analyze network model perfor-
mance from perspectives of model complexity, detection effectiveness, and mo-
bile deployment potential, standardized object detection evaluation metrics were
adopted:

• Average Precision (AP): Measures comprehensive precision-recall per-
formance. AP is calculated as the mean area under P-R curves across 10
IoU thresholds (linearly increasing from 0.50 to 0.95 at 0.05 intervals) to
comprehensively reflect model performance.
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• Model parameters, GFLOPs, frame rate (f/s), and model size:
Assess complexity and mobile applicability.

For kernel counting performance evaluation, the following metrics were used:
- Detection Accuracy (DA): 𝑇 𝑃

𝑇 𝑃+𝐹𝑁 × 100% - Miss-Detection Rate
(MDR): 𝐹𝑁

𝑇 𝑃+𝐹𝑁 × 100% - False-Detection Rate (FDR): 𝐹𝑃
𝑇 𝑃+𝐹𝑃 × 100%

- Precision Detection Rate (PDR): 𝑇 𝑃
𝑇 𝑃+𝐹𝑃 × 100% - F1-score:

2×𝑃𝐷𝑅×𝐷𝐴
𝑃𝐷𝑅+𝐷𝐴 × 100%

where 𝑇 𝑃 is true positives (correctly detected kernels), 𝐹𝑃 is false positives
(false detections), and 𝐹𝑁 is false negatives (missed kernels).

2.3 Experimental Configuration

The hardware platform comprised an Intel Core i5-10400F CPU @ 2.90 GHz,
16 GB RAM, 1 TB hard drive, and an 11 GB NVIDIA GeForce GTX 2080Ti
GPU. Programming was conducted using PyCharm 2020 Community Edition.
The deep learning framework was PyTorch 1.6, with CUDA 11.3 and cuDNN
8.2.0 for parallel computing and GPU acceleration.

3 Results and Discussion
3.1 Network Model Training

All four networks were trained and tested using the constructed corn kernel
dataset under identical experimental configurations. The loss curves during
training are shown in [Figure 8: see original paper]. All models demonstrated
strong fitting and generalization capabilities, with similar loss trends: rapid de-
crease in early training, slight reduction with oscillation in mid-training, and
stabilization in later stages, indicating convergence. The fast convergence ben-
efited from the Adam optimizer’s computational efficiency, adaptive learning
rate, and insensitivity to gradient scaling.

After confirming model convergence, overall detection performance on the test
set was compared to identify preliminary optimal models. Table 1 presents the
performance comparison. YOLOv5-L achieved optimal values across all metrics,
with an AP of 78.3% and frame rate of 55.55 f/s, representing improvements
of 11.8 (28.53), 9.5 (46.7), and 27.4 (48.12) percentage points (frames) over
YOLOX-L, Mask R-CNN, and EfficientDet-D5, respectively. This indicates
YOLOv5-L can provide faster and more accurate detection results. Structural
differences in network architecture led to varying attention to corn images and
feature learning capabilities, causing performance disparities. Mask R-CNN’s
superior AP over EfficientDet-D5 and YOLOX-L may be attributed to its two-
stage architecture generating proposals before regression, though this precision
gain consumed more computational resources, resulting in much lower recogni-
tion speed than single-stage networks.

Considering model complexity and mobile deployment feasibility, YOLOv5-L
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showed significant potential, with GFLOPs, model size, and training time at
only 37%, 18.6%, and 5.1% of Mask R-CNN’s maximum values, respectively,
far outperforming EfficientDet-D5 and YOLOX-L. While mobile deployment
limitations can be addressed through memory expansion, detection performance
directly affects final counting accuracy and efficiency. Preliminary ranking for
kernel detection is: YOLOv5-L > Mask R-CNN > EfficientDet-D5 > YOLOX-
L.

To understand which input image regions contributed most to YOLOv5-L’s
recognition decisions, class activation heatmaps were generated for four ran-
domly selected images [Figure 9: see original paper]. Different colors represent
different weights, with darker colors indicating higher weights. The model sup-
pressed background regions and focused on learning kernel-related information
for recognition decisions. Within kernel regions, the embryo and axis areas
contributed most to classification decisions. Compared to kernels annotated as
shriveled, severely occluded, broken, or in shadow, plump kernels with full color
contributed more to classification decisions. The bias toward higher-weight re-
gions may cause kernels with smaller weights to be missed or falsely detected.

3.2 Recognition Result Analysis

The optimal YOLOv5-L model was applied to infer test set images, examin-
ing kernel target recognition effectiveness in complex backgrounds. To avoid
label interference with result observation, labels were removed from visualiza-
tions [Figure 10: see original paper]. The YOLOv5-L model correctly localized
nearly all corn kernels across different scenes, demonstrating stable and reliable
detection robust to changes in image clarity, illumination, and ground surface
conditions. However, performance varied by scene. Recognition accuracy for
bare ground and semi-occluded ground exceeded that for other scenes. The
slight performance degradation in the former two scenes primarily involved false
detection of shriveled kernels, likely due to discrete kernel distribution and fewer
occlusions causing the model to overlearn kernel features and overfit, corrobo-
rating the finding that shriveled kernel regions with smaller decision weights are
prone to false detection.

For fully occluded ground and kernel aggregation scenes, performance losses
mainly stemmed from missed detections due to kernel stacking or severe occlu-
sion, and false detections where a single bounding box contained two kernels.
Missed detections likely occurred because the critical embryo and axis regions for
classification decisions were covered, depriving the model of key feature informa-
tion. False detections may have resulted from unreasonable threshold settings
when filtering low-confidence boxes using non-maximum suppression. Further
analysis revealed that network reliability may be enhanced by strong contrast
transitions between kernel color/shape features and surrounding regions, pro-
viding more useful information for target recognition.
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3.3 Counting Result Comparison

To verify YOLOv5-L’s reliability and stability for kernel counting, comprehen-
sive evaluation using DA, MDR, FDR, PDR, and F1-score was performed on
the test set and compared with YOLOX-L, Mask R-CNN, and EfficientDet-D5
[Figure 11: see original paper]. The four networks exhibited different counting
performances. YOLOv5-L achieved optimal DA (90.7%) and MDR (9.3%), out-
performing the other three networks by 5–19 percentage points. However, when
considering FDR and PDR, the ranking reversed, with YOLOv5-L performing
worst and falling 7 percentage points below the optimal Mask R-CNN. For the
comprehensive F1-score metric, only YOLOv5-L and Mask R-CNN swapped
positions, with values of 91.1% and 91.6%, respectively—a 0.5% difference. The
superior YOLOv5-L and Mask R-CNN networks showed different strengths. In
practical production, kernel loss counting should follow the principle of “bet-
ter false detection than missed detection”to avoid greater harvest losses from
overestimating combine performance. YOLOv5-L’s lower PDR may be caused
by extensive false detection of shriveled kernels. While not counted in this
study, detecting shriveled kernels provides potential for improving subsequent
loss yield estimation accuracy. Additionally, YOLOv5-L’s comprehensive advan-
tages in detection efficiency, model complexity, and application potential offer
convenience for addressing practical production requirements and accelerating
commercialization.

To clarify each network’s counting performance across scene types, metrics
were calculated for each network-scene combination (Table 2 ). YOLOv5-L
and Mask R-CNN consistently achieved higher DA, MDR, and F1 values across
scenes, with YOLOv5-L showing optimal DA and MDR. YOLOv5-L’s much
lower PDR and FDR compared to the other three networks were the main rea-
son its F1 values were slightly lower than Mask R-CNN’s in most scenes (except
kernel aggregation). Overall, YOLOv5-L and Mask R-CNN demonstrated supe-
rior counting performance across different scenes, with YOLOv5-L’s high DA
in bare ground, semi-occluded ground, and kernel aggregation scenes (contain-
ing more kernels) being the primary reason for its superior final ranking over
Mask R-CNN. All four networks showed significantly lower performance for fully
occluded ground and kernel aggregation scenes, providing direction for future
research.

4 Conclusion
This study developed and evaluated a deep learning-based approach for direct
counting of real surface kernels to assess corn harvest losses. The feasibility of
deep learning technology for this task was verified through implementation of
different target detection networks. Results indicated that among the four mod-
els, YOLOv5-L achieved the best performance with DA and MDR of 90.7% and
9.3%, respectively, outperforming Mask R-CNN, EfficientDet-D5, and YOLOX-
L. With a processing speed of 55.55 f/s, YOLOv5-L meets the requirements for
real-time loss monitoring and rapid harvest quality assessment, making it suit-
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able as the core algorithm for developing precision control information systems
and detection devices for corn combine harvesters.

Future work will address current limitations through: (1) introducing attention
and feature enhancement mechanisms to improve counting accuracy for fully oc-
cluded ground and kernel aggregation scenes; (2) investigating the influence of
kernel color, shriveling degree, and size variations on recognition, and developing
secondary discrimination algorithms to reduce false detection rates; (3) incor-
porating more diverse data categories (different blur levels, brightness, angles,
corn varieties) and expanding the training dataset to improve model robustness
and stability; and (4) addressing dust issues during harvesting by developing
protective enclosures to enable real-time loss detection during operation.
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