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Abstract

Detection and counting of millet ears are crucial for predicting millet yield and
breeding. However, traditional millet ear counting is mainly based on manual
statistics, which is both time-consuming and labor-intensive. To address the
aforementioned issues, this study first established a millet ear detection dataset
containing 784 images and 10,000 millet ear samples. A millet ear detection
method based on YOLOv4 and adaptive anchor box adjustment is proposed,
which can quickly and accurately detect millet ears in specific boxes. By adap-
tively adjusting the anchor boxes, candidate boxes that conform to millet ear
targets can be generated, thereby improving detection accuracy. To validate the
effectiveness of the proposed method, multiple metrics were adopted for evalua-
tion, including mean Average Precision (mAP), F1-Score, Precision, and Recall.
Furthermore, comparative experiments were designed to verify the effectiveness
of the proposed method, including comparing with other models (YOLOv2,
YOLOV3, and Faster-RCNN) to evaluate model performance, evaluating model
performance under different Intersection over Union (IOU) thresholds, evalu-
ating millet ear detection performance under adaptive anchor box adjustment,
evaluating the reasons causing changes in model evaluation metrics, and evaluat-
ing model performance under different original input image sizes. Experimental
results demonstrate that YOLOv4 achieved favorable millet ear detection per-
formance. YOLOv4 achieved an mAP of 78.99%, an Fl-score of 83.00%, a
Precision of 87%, and a Recall of 79.00%, exceeding other comparative mod-
els by 8% across all evaluation metrics. Experimental results indicate that the
proposed method possesses good accuracy and efficiency.
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Preamble

Foxtail Millet Ear Detection Approach Based on YOLOv4 and Adap-
tive Anchor Box Adjustment
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Abstract: Foxtail millet ear detection and counting are essential for estimat-
ing foxtail millet production and supporting breeding programs. However, tra-
ditional manual counting approaches are time-consuming and labor-intensive.
To address this challenge, we established a foxtail millet ear detection dataset
comprising 784 images with 10,000 ear samples and proposed a novel detec-
tion method based on YOLOv4 (You Only Look Once) with adaptive anchor
box adjustment for rapid and accurate detection of ears within specific regions.
By adaptively adjusting anchor boxes to generate candidate boxes that better
match foxtail millet ear characteristics, detection accuracy was significantly im-
proved. Multiple evaluation metrics including mean Average Precision (mAP),
F1-score, Precision, and Recall were employed to validate the proposed method.
Comprehensive ablation studies were conducted to verify effectiveness: (1) per-
formance comparison with other models (Faster-RCNN, YOLOv2, YOLOv3);
(2) evaluation across different Intersection over Union (IOU) thresholds to iden-
tify optimal values; (3) assessment of detection performance with and without
adaptive anchor box adjustment; (4) analysis of factors influencing model perfor-
mance metrics; and (5) evaluation of different input image sizes. Experimental
results demonstrated that YOLOv4 achieved superior detection performance
with mAP reaching 78.99% and Fl-score reaching 83.00%. Precision attained
87% and Recall reached 79.00%, representing approximately 8% improvement
over YOLOv2, YOLOv3, and Faster-RCNN across all metrics. These results
confirm that the proposed method delivers both high accuracy and efficient
performance.
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1 Introduction

Effective foxtail millet breeding increases food production and ensures food se-
curity, making production estimation a critical research priority. Foxtail millet
yield is primarily determined by three factors: ear number, grains per ear, and
grain quality, with their relative contributions following the order: grains per ear
> ear number > grain quality. Consequently, accurate ear number estimation
is essential for predicting foxtail millet production.

Traditional manual estimation methods are subjective and inefficient. Deep neu-
ral networks offer a promising alternative for efficient and accurate foxtail millet
ear detection, with detected bounding boxes further facilitating production esti-
mation. Recent advances in deep learning and improved hardware performance
have drawn significant attention to neural networks for target detection, seman-
tic segmentation, and instance segmentation tasks. For wheat ear detection
specifically, various approaches have been developed. Lu proposed a wheat
ear recognition method based on back propagation (BP) neural networks. Shi
extracted color, shape, and texture parameters of wheat grains for BP neural
network classification, employing mean error square (MES) and mean impact
value (MIV) optimization to improve recognition rates by 11.45% compared to
unoptimized models. Zhang et al. designed a winter wheat ear detection and
counting system using convolutional neural networks. Gao applied YOLOv3
and Mask R-CNN for field wheat ear detection, achieving 87.12% mAP. Alkhu-
daydi et al. developed a fully convolutional model to estimate wheat ears from
high-resolution RGB images. Xie et al. proposed a Feature Cascade SVM (FCS
R-CNN) method achieving 81.22% mAP.

While deep learning-based detection methods have demonstrated success in
wheat ear detection, few approaches have been developed specifically for fox-
tail millet ear detection. This research addresses this gap by exploring foxtail
millet ear detection and proposing an effective method. Leveraging YOLOv4 s
promising detection capabilities, we employed it for foxtail millet ear detection
and counting. To adapt YOLOv4 for this specific task, anchor box sizes were
adjusted using the K-means algorithm based on our foxtail millet ear detection
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dataset, significantly enhancing detection performance. The dataset was col-
lected from farmland, containing approximately 784 images with 10,000 foxtail
millet ear samples, with 588 images used for training and the remainder for
testing.

2 Dataset

Data were collected from the foxtail millet experimental field at Shanxi Agri-
cultural University in Taigu County, Jinzhong City, Shanxi Province, covering
varieties including Male sterile line GBS, Datong 27, and Dragon Claw.

2.1 Data Collection

The collection period spanned one month from August 10th to September 10th,
2020. To ensure sample diversity, data were collected every other day at 10 a.m.,
encompassing three foxtail millet varieties (Male sterile line GBS, Datong27, and
Dragon Claw) under varying light conditions and weather. A white PVC pipe
frame (0.5 m width x 0.6 m length x 0.5 m height) was placed 0.5 m above
ground to delineate the sampling area. Images were captured using a Canon
EOS 70D camera with 35 mm focal length positioned 1.5-2 m from the frame,
producing high-resolution *.jpg images at 4864%x$3648 px resolution. Figure 1
shows representative foxtail millet ear samples.

2.2 Data Cleaning and Annotation

To develop an effective training model, images with blurry ears or excessive
weeds were eliminated to minimize background interference and image degra-
dation effects on detection accuracy. Accurate data annotation is crucial for
model performance. We employed labellmg to annotate each foxtail millet ear
within the white box using rectangular bounding boxes defined by four vertex
coordinates. After annotating all ears in an image, an XML file was generated
containing image dimensions, label frame names, and target frame locations.
These XML files were subsequently converted to text format for network input.
The final dataset comprised 784 images with 10,000 foxtail millet ear samples,
partitioned into 588 training images (80%) and 196 test images (20%).

3 Methods
3.1 YOLO Models

YOLO is an excellent object detection model that effectively balances speed
and accuracy. As a one-stage detector, YOLO directly detects objects without
generating candidate proposals. The detection process involves: (1) extracting
features from the input image through a feature extraction network to obtain an
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NxN pixel feature map; (2) dividing the input image into NxN grid cells, where
each cell containing an object’s ground-truth center coordinate is responsible for
predicting that object; (3) each grid cell predicts M bounding boxes of different
sizes, selecting the box with maximum Intersection over Union (IOU) for final
prediction. Each bounding box contains five prediction values: tx, ty, tw, th, and
confidence, where tx, ty, tw, th represent predicted center coordinates, width,
and height, and confidence indicates prediction reliability. The predicted box’ s
center coordinates (cx, cy), width (cw), and height (ch) are calculated using:

Cy = J(t$) + bmcy = a(ty) + bycw = pwetwch = pheth

where o(x) is the logistic function; tx, ty, tw, th are model predictions; pw and
ph are prior box dimensions relative to the feature map; bx and by are grid cell
coordinates.

3.2 YOLOv4 Architecture

YOLOv4’ s architecture (Figure 2) consists of four modules: Input, Backbone,
Neck, and Head. The Input employs Mosaic data augmentation. The Back-
bone is CSPDarknet-53, which integrates five CSP modules into Darknet-53.
CSPDarknet-53 includes 29 convolutional layers (3$x3kernels)witha725x$725
receptive field and 27.6M parameters. By leveraging CSPNet’ s advantages
in reducing computational costs while maintaining accuracy and reducing mem-
ory consumption, YOLOv4 adds CSP to each large residual block of Darknet-53,
splitting feature mappings into two parts and merging them through cross-stage
hierarchical structures.

The Neck comprises Spatial Pyramid Pooling (SPP) and Path Aggregation Net-
work (PANet). SPP is added over the CSPDarknet53 backbone with max pool-
ing sizes of 5$x5,9x9, and13x$13, significantly increasing receptive field and
extracting crucial contextual features without reducing network speed. PANet
aggregates parameters from different backbone levels.

To detect foxtail millet ears of varying sizes, anchor boxes provide initial width
and height estimates, preventing the model from blindly learning target posi-
tions and scales during training. Since foxtail millet ears are smaller than typical
objects, we employed the K-means algorithm to adaptively generate nine anchor
boxes based on our dataset: (5, 7), (6, 12), (9, 8), (7, 18), (10, 13), (13, 10), (10,
21), (14, 15), and (17, 25), where coordinates represent width and height. The
first three detect small ears, the middle three detect medium-sized ears, and the
last three detect larger ears.

3.3 Loss Function

YOLOv4 s loss function comprises three components: localization loss, confi-
dence loss, and classification loss.
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Localization Loss uses Complete Intersection Over Union (CIOU) Loss:

S? B 2 + + 2
d g 4 Y
Leiou ZZ fbj 1-10U + % + - (arctan % arctan 1;:) ]

=0 j=0
where IOU is calculated as:

cnD

10U =
cubD

C and D represent ground-truth and predicted bounding boxes; IOU measures
prediction accuracy; d( - ) is Euclidean distance; | is diagonal distance between
predicted and ground-truth boxes; ¢, w, h and ¢ {gt}, w {gt}, h™{gt} are
center coordinates, width, and height of predicted and ground-truth boxes, re-
spectively.

Confidence Loss is formulated as:

canf Z Z [ Ob] IOg Cl + )‘naobjl]:lj(mb] IOg(]. - CA;)]

=0 j=

where S? and B indicate feature map scale and number of prior boxes; A_ {noobj}
is a hyperparameter balancing the terms; C’i represents confidence scores of

annotated and predicted boxes; I];);U and I]”OObj are indicator functions (1 and 0

if target exists at grid i, box j; 0 and 1 0therw1se).

Classification Loss is:

Z Z 1977 [Pilog(PY) + (1 — Pi)log(1 — P)]

=0 j=

where L_ {cls} is classification loss; ]3; and P]? denote class probabilities of
annotated and predicted boxes.

The total loss is: L = L, + Leons + Legs

3.4 Experimental Setup

Experiments were conducted on a GTX TITANXP 12G GPU with an 17 7800X
processor. Software configurations included CUDA 10.1, CUDNN 7.6.4, Python
3.6.9, and PyTorch. Training parameters were set as: learning rate = 0.001,
iterations = 12,000, momentum = 0.949.
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3.5 Evaluation Criteria

Model performance was evaluated using Precision, Recall, F1-score, and mean
Average Precision (mAP). Precision measures prediction accuracy; Recall indi-
cates target detection completeness; F1-score is the harmonic mean of Precision
and Recall (ranging from 0 to 1); mAP represents average detection accuracy.
mAP calculation follows PASCAL VOC2007 definitions, where detection is con-
sidered correct when IOU between detection and ground-truth boxes exceeds a
threshold and category confidence score surpasses a specified value.

TP TP 2x P xR !
Precision = WRecall = mFl-score = %mAP = /0 P(R)dR

where TP, FP, FN indicate True Positive, False Positive, and False Negative
samples.

4 Experiments and Results
4.1 Model Comparison

To validate YOLOv4’ s effectiveness for foxtail millet ear detection, we com-
pared it against Faster-RCNN, YOLOv2, and YOLOv3 using identical training
parameters. During testing, confidence and IOU thresholds were set to 0.35 and
0.5, respectively, meaning predictions with confidence > 0.35 and IOU > 0.5
were considered correct.

Table 1 shows that YOLOv4 significantly outperformed all comparison models
across all metrics. Specifically, YOLOv4’ s Precision exceeded Faster-RCNN,
YOLOvV2, and YOLOv3 by 1.9%, 13%, and 1%; Recall surpassed them by 4.4%,
8.2%, and 2.6%; Fl-score improved by 2.6%, 10.6%, and 2.4%; and mAP in-
creased by 3.9%, 10.4%, and 2.6%, respectively.

Table 1: Comparison results of different models (confidence = 0.35, IOU =
0.5)

Models Precision/% Recall/% Fl-score/% mAP/%

Faster-RCNN
YOLOv2
YOLOv3
YOLOv4

Figure 3 illustrates performance curves across training iterations, showing
YOLOv4 s mAP, Precision, Recall, and F1-score consistently above YOLOv2
and YOLOv3 throughout training, confirming YOLOv4’ s superior performance.
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Qualitative results (Figure 4) demonstrate YOLOv4 produces more accurate
predictions than YOLOv2 and YOLOv3, particularly under occlusion and chal-
lenging conditions.

YOLOv4’ s superior performance stems from several factors: (1) Mosaic data
augmentation merges four training images, allowing detection of objects out-
side their normal context and enabling batch normalization statistics from four
distinct images per layer, reducing large mini-batch requirements; (2) CSPDark-
net53 backbone with Mish activation and DropBlock strategies improves model
performance—CSP structure enhances capability, Mish activation’ s smoothness
facilitates better information flow for improved accuracy and generalization, and
DropBlock gradually increases dropout units during training for better robust-
ness; (3) CIOU loss and DIOU-NMS enhance convergence speed and regression
accuracy.

4.2 TOU Threshold Evaluation

Unlike general object detection, foxtail millet ears in our dataset are small and
densely distributed. To determine the optimal IOU threshold, we evaluated
YOLOv4 performance at IOU values of 0.2, 0.35, 0.5, and 0.65 (confidence fixed
at 0.35). Table 2 shows all metrics decreased as IOU increased. While IOU
= 0.2 and 0.35 yielded higher scores, the small overlap between predicted and
ground-truth boxes made predictions less reliable. At IOU = 0.65, performance
dropped sharply by 20-30%, indicating many ears were missed. Balancing IOU
and detection performance, we selected IOU = 0.5 as optimal.

Table 2: Impact of IOU values on model performance

Model IOU  Precision/% Recall/% Fl-score/% mAP/%

YOLOv2 0.2
0.35
0.5
0.65
YOLOv3 0.2
0.35
0.5
0.65
YOLOv4 0.2
0.35
0.5
0.65

4.3 Anchor Box Adjustment Evaluation

We compared models with and without adaptive anchor box adjustment:
YOLOv3 vs. YOLOv3_{adj} and YOLOv4 vs. YOLOv4_ {adj}. Adjusted
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anchors for YOLOv3 were (3,5), (4,8), (6,5), (5,12), (7,9), (9,7), (7,14), (10,10),
(11,17); for YOLOv4 they were (5,7), (6,12), (9.8), (7,18), (10,13), (13,10),
(10,21), (14,15), (17,25).

Table 3 shows YOLOv3_{adj} and YOLOv4_{adj} outperformed their non-
adjusted counterparts, confirming the effectiveness of adaptive anchor boxes.
Adjusted anchors provide higher relative offset for foxtail millet ears, enabling
more accurate width and height predictions.

Table 3: Comparison results with/without anchor box adjustment

Model Precision/% Recall/% Fl-score/% mAP/%

YOLOv3
YOLOv3_ {adj}
YOLOv4
YOLOv4 {adj}

4.4 Analysis of Performance Metric Variations

Equations (7)-(10) show that TP and FP values directly relate to model per-
formance. To understand performance differences among models, we analyzed
TP and FP values on the test set. TP and FP calculation involved: (1) re-
moving predictions below a confidence threshold (0.5); (2) sorting remaining
predictions by confidence; (3) calculating IOU between the highest-confidence
prediction and ground-truth; (4) if IOU exceeded the threshold (0.35), the pre-
diction was counted as TP and the ear marked as tested, with all subsequent
predictions for that ear counted as FP.

Table 4 presents TP and FP statistics. Higher TP values indicate better per-
formance. YOLOv4 outperformed YOLOv3 with 63 more TP (2.92% increase),
23 fewer FP (6.53% decrease), and 2.63% mAP improvement. Compared to
YOLOv2, YOLOv4 achieved 168 more TP (8.19% increase), 294 fewer FP
(47.19% decrease), and 10.44% mAP improvement. YOLOv3 also outperformed
YOLOv2 with 105 more TP (5.12% increase), 271 fewer FP (43.50% decrease),
and 7.60% mAP improvement. The mAP change ratio closely matched TP
changes, confirming that better detection requires higher TP values.

Table 4: TP and FP values for ear target prediction

Model TP increase FP increase mAP increase

YOLOv2
YOLOv3
YOLOv4
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4.5 Input Image Size Evaluation

Original images (4864$ x 3648px )wereresizedto608x608px forY O LOvdinput, creatingalargeresizeratiothatm
px) would improve detection. Table 5 shows cropped images yielded better

results than uncropped originals because reduced resize ratios enhanced

detection performance.

Table 5: Impact of original image size on detection performance

Original image YOLOvV4 input F1-
size /px size /px Precision/%Recall/% score/%  mAP/%

4864% % 3648|608 x 608| |||||2000 % 1500|608 x $608

5 Conclusions

This research proposed an adaptive anchor adjustment approach for foxtail mil-
let ear detection based on YOLOv4, achieving promising results. We established
a novel large-scale dataset of 784 images containing 10,000 ear samples collected
from farmland. The YOLOv4 model with adaptive anchor adjustment was ap-
plied to foxtail millet ear detection. Extensive experiments validated both the
dataset and YOLOvV4’ s effectiveness, demonstrating superior performance com-
pared to YOLOv2, YOLOv3, and Faster-RCNN across all evaluation criteria.

Future work should explore detection of other millet ear categories worldwide
and expand the dataset scale. More effective detection approaches for foxtail
millet ears will be investigated.
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