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ABSTRACT 

Accurately identifying rice growth stages in cold regions is challenging due to subtle morphological differences 

between key stages (e.g., tillering, jointing-booting) and complex field conditions, often leading to inefficient 

water use. This paper proposes an improved YOLOv12n-based method for rice growth stage recognition. First, 

a Deformable Large Kernel Attention (D-LKA) mechanism is introduced to enhance the model's ability to 

capture multi-scale morphological features of rice plants through large receptive field convolution and adaptive 

sampling grids. Second, a weighted Bidirectional Feature Pyramid Network (BiFPN) and a Dynamic 

Upsampling module (DySample) are employed to construct an efficient multi-scale feature interaction pathway, 

improving the model's perception of details in key plant parts. Finally, the Normalized Wasserstein Distance 

(NWD) is adopted to optimize the small-target detection strategy, effectively mitigating the under-detection of 

small-scale features. A cold-region rice growth stage image dataset was constructed for training and evaluation. 

Results show that the proposed YOLOv12n-DBD model achieves a precision of 93.4%, a recall of 89.7%, a 

mean Average Precision (mAP@0.5) of 94.4%, and an inference speed of 121.9 FPS. The mAP@0.5 

represents an improvement of 4.9 percentage points over the baseline model, outperforming current 

mainstream detection models while maintaining real-time performance. A mobile recognition system was also 

developed to provide a convenient solution. The proposed YOLOv12n-DBD model effectively balances 

recognition accuracy and computational efficiency in the complex environments of cold-region rice fields, 

offering reliable technical support for growth-stage-specific field management. 

 

摘要 

针对寒地水稻关键生育时期（如分蘖期、拔节孕穗期）形态特征存在细微差异、田间环境复杂导致识别难度大

进而造成的水资源浪费问题。本文提出基于改进 YOLOv12n 模型的水稻生育时期识别方法。首先，引入可变形

大核注意力机制（D-LKA），通过大感受野卷积与自适应采样网格增强模型对水稻植株多尺度形态特征的捕获能

力；其次，采用加权双向特征金字塔网络（BiFPN）与动态上采样模块（DySample），构建高效的多尺度特征交

互通路，提升模型对水稻关键部位的细节感知能力；最后，通过归一化 Wasserstein 距离（NWD）优化小目标

检测策略，有效缓解小尺度特征的漏检问题。构建寒地水稻生育期图像数据集，对改进后的模型进行训练与验

证。结果表明：YOLOv12n-DBD 模型的准确率（P）、召回率（R）、平均精度均值（mAP）和推理速度分别为

93.4%、89.7%、94.4%和 121.9fps，其中 mAP@0.5 较基线模型提升 4.9 个百分点。在保持实时性的同时优于

当前主流检测模型。构建移动端识别系统，可提供便捷识别方案。本文提出的 YOLOv12n-DBD 模型有效平衡

了寒地水稻复杂环境下的识别精度与计算效率，能够为寒地水稻的生育期田间管理提供技术支持。 

 

INTRODUCTION 

The cultivation of rice in cold regions currently faces numerous challenges, including water scarcity, 

complex climatic conditions, and a short growing cycle. Rice water demand varies significantly across different 

growth stages (such as tillering, heading, and flowering). Therefore, accurately identifying the growth stages 

of rice to guide irrigation strategies is crucial for improving yield and water use efficiency in these regions 

(Tang., 2022; Bai et al., 2022; Xue et al., 2024; Li et al., 2024). 
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With the rapid advancement of technologies such as image recognition and deep learning, object 

detection has become an important tool in agriculture by enabling plant phenotyping (Wang et al., 2024; Xu., 

2024; Oraif., 2023).  

For instance, Fan et al., (2020), developed a deep learning model based on convolutional neural 

networks (CNNs) to classify defective apples. Implemented in custom software, their model achieved 92% 

accuracy with a processing time under 72 ms. GEJILETU et al., (2025), employed deep neural networks, to 

detect and quantify Mongolian cattle herds, overcoming the labor-intensive and time-consuming limitations of 

traditional methods with 97.3% accuracy, demonstrating the potential of image recognition for efficient 

detection in unique settings. Similarly, to improve the segmentation of apple leaves and lesion areas, Wang et 

al., (2023), proposed a U2Net semantic segmentation network. Comparative analysis with classical models 

like DeepLabV3+ and UNet showed that their U2Net achieved a Mean Pixel Accuracy (MPA) of 98.87% and a 

Mean Intersection over Union (MIoU) of 84.43%, providing a theoretical basis for precise apple disease control. 

Jeyaraj et al., (2022), created a cost-effective, non-contact rice grading system using an AlexNet-based deep 

learning model, which attained an average accuracy of 98.2% and a sensitivity of 97.6% on two public datasets. 

Xu et al., (2025), proposed an improved ResNet34 model for rice leaf disease recognition, incorporating a non-

local attention mechanism and depth wise separable convolutions to enhance feature extraction. Their model 

achieved 96% accuracy, outperforming other mainstream algorithms. To address rice seedling counting in 

complex environments, Cui et al., (2025), introduced an enhanced YOLOv5 model that incorporates the 

Normalized Wasserstein Distance (NWD) metric for bounding box evaluation, effectively counting small 

seedlings from drone perspectives with 95.9% accuracy.  

In summary, although object detection algorithms have demonstrated significant potential in agricultural 

applications, most research on rice identification has focused on rice diseases and seedling counting. Studies 

on the identification of rice throughout its entire growth stages remain insufficient, still facing challenges such 

as inadequate accuracy and high computational costs. To address this, this paper proposes a lightweight 

detection method based on an improved YOLOv12n model, tailored to the distinct features of different rice 

growth stages. By optimizing the feature extraction process in the neck network, the model enhances its ability 

to capture deep features from multi-scale, dense seedlings. This approach aims to improve recognition 

accuracy for key rice growth periods while controlling computational complexity, thereby meeting the 

requirements for real-time and reliable detection on standard local PC devices. 

 

MATERIALS AND METHODS 

Image Acquisition and Dataset Construction 

Rice growth stage image data were collected at the Qinglongshan Farm in Jian Sanjiang, Jiamusi City, 

Heilongjiang Province (coordinates: 132°56'11.98"E, 47°34'30.32"N). The images were captured between 

June 10 and August 30, 2024, using a Xiaomi 13 Ultra smartphone. The shooting height was adjusted 

according to the growth stage: entire plants were photographed during the green-up, tillering, and jointing-

booting stages, while the focus was on panicles during the flowering, milk-ripe, and yellow-ripe stages. All 

images have a resolution of 4000 × 3000 pixels. A total of 3500 in-situ field images were acquired. An additional 

667 high-quality rice growth stage images were selected from existing public and laboratory datasets (Qin et 

al., 2024). The final compiled dataset of 4167 images was saved in 24-bit RGB true-color JPG format. The six 

distinct growth stages of rice observed during the study period are illustrated in Fig. 1. 
 

                           
(a) Green-up stage                  (b) Tillering stage              (c) Jointing-booting stage 

                           
(d) Flowering stage                  (e) Milk-ripe stage                (f) Yellow-ripe stage 

Fig. 1 - Growth period of rice 
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After excluding unqualified images, a total of 3,018 samples were retained. Data augmentation 

techniques—including random scaling, cropping, rotation, noise addition, and color transformation—were 

applied to expand the dataset, thereby enhancing the model's generalization capability and effectively 

mitigating potential overfitting. All images were uniformly resized to 640 × 640 pixels, resulting in a final dataset 

of 15,090 image samples. The entire dataset was randomly partitioned into training, validation, and test sets 

in a ratio of 8:1:1. These images were annotated using LabelImg, and labels were generated in the YOLO 

format. 

 

Model Construction Based on Improved YOLOv12n 

The newly introduced YOLOv12n model incorporates a progressive feature pyramid and an adaptive 

attention mechanism in its architecture (Tian et al., 2025), which enhances its sensitivity to subtle feature 

variations across rice growth stages. To improve the overall performance of the model for identifying rice in 

cold regions, this study proposes an enhanced model based on the YOLOv12n architecture, named YOLOv12-

DBD. 

First, a Deformable Large Kernel Attention (D-LKA) mechanism is introduced to enhance the feature 

extraction capability of the neck network, utilizing adaptive sampling grids and large receptive field convolutions 

to improve the modeling of multi-scale morphological features in rice. Second, a Bidirectional Weighted 

Feature Pyramid Network (BiFPN) is adopted to reconstruct the multi-scale feature fusion pathway. Its fast 

normalized fusion mechanism strengthens the model's focus on features critical to specific growth stages. 

Subsequently, a Dynamic Upsampling Module (DySample) replaces traditional interpolation methods, 

improving the quality of feature map resolution reconstruction and enhancing the preservation of fine details 

in panicles and leaves. Finally, the Normalized Wasserstein Distance (NWD) is incorporated to optimize the 

small-object detection strategy, significantly improving the detection of densely distributed small targets and 

subtle transitional features. The structure of the optimized model is illustrated in Fig. 2. 

 
Fig. 2 - Structure diagram of the improved YOLOv12n model 

 
Dynamic Upsampling Module 

The nearest-neighbor interpolation method used in YOLOv12n lacks content-aware capability when 

processing images from stages such as jointing-booting. It struggles to preserve fine details like panicle edges 

and leaf vein textures, leading to significant information loss during feature map reconstruction. To address 

this limitation, a Dynamic Upsampling module (DySample) is introduced in the Neck section to replace 

traditional interpolation methods (Liu et al., 2023). Compared to other dynamic upsampling methods, 

DySample employs a point-based resampling approach. It adaptively scales the input feature maps, enabling 

precise capture of detailed features in rice panicles and leaf veins, thereby improving detection accuracy while 

incurring lower inference latency and requiring fewer parameters. The structure of DySample is illustrated in 

Fig 3. 



Vol. 78, No. 1 / 2026  INMATEH - Agricultural Engineering 

 

517 

DySample generates sampling points using a static range factor and a dynamic range factor. The feature 

map X is processed through linear layer sampling to produce a feature map of corresponding dimensions. The 

pixel shuffle technique is then combined with the range factors to generate the offset O, which is finally added 

to the original grid positions G to obtain the sampling set S, as illustrated in Fig. 4. 

 
Fig. 3 - DySample structure diagram 

 

     
(a) Static Scope Factor       (b) Dynamic Scope Factor 

Fig. 4 - Sampling point generator structure 

 

BiFPN Bidirectional Weighted Feature Pyramid Module 

The neck network of YOLOv12n employs an FPN+PAN structure. However, the Feature Pyramid 

Network (FPN) fuses different input features through a simple top-down pathway and feature concatenation, 

without distinguishing the importance of different features (Lin et al., 2017). Although the Path Aggregation 

Network (PAN) adds an extra bottom-up pathway for feature aggregation, it increases the number of 

parameters and computational cost (Liu et al., 2018). To address these issues, this paper introduces a 

Bidirectional Weighted Feature Pyramid Network (BiFPN) (Tan et al., 2020). Utilizing a multi-scale feature 

fusion mechanism, BiFPN enables sufficient interaction between low-level details and high-level semantics 

through bidirectional cross-scale connections, achieving more efficient and accurate multi-scale feature fusion 

and thereby enhancing feature representational capacity. Its architecture is shown in Fig. 5. 

 
(a) FPN                     (b) PAN                         (c) BiFPN 

Fig. 5 - Comparison of pyramid Networks with different features 

 
D-LKA Deformable Large Kernel Attention Module 

The Deformable Large Kernel Attention (D-LKA) mechanism integrates large-kernel convolution with 

deformable convolutions, building upon developments in areas like medical image segmentation (Azad et al., 

2024). The traditional YOLOv12 model uses standard convolution operations, whose kernels have a fixed 

geometric structure, limiting the model's adaptability to the morphological features of rice plants. When applied 

to cold-region rice growth stage identification, standard convolutions struggle to effectively capture the spatial 

distribution of densely packed small targets and have a limited ability to perceive the geometric deformations 

of panicle details, especially from the flowering stage onward. To address these limitations, a D-LKA module 

is added to the neck network. This enables the network to integrate multi-dimensional information and better 

emphasize crucial features, thereby enhancing its ability to extract features from targets of varying scales and 

irregular shapes. The 2D structure of the D-LKA module is shown in Fig. 6. 
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Fig. 6 - D-LKA module network structure 

 

NWD Loss Function 

In the original YOLOv12n network, the bounding box regression loss (Box Loss) is employed to ensure 

that the model can accurately localize targets. It typically uses Intersection over Union (IoU) to measure the 

degree of overlap between the predicted box and the ground truth box. However, as a primary similarity metric, 

IoU is overly sensitive to positional deviations in small targets. To address this limitation, this study introduces 

the Normalized Wasserstein Distance (NWD) to measure the similarity between predicted and ground truth 

boxes (Wang et al., 2021), thereby mitigating the inherent sensitivity of IoU to the position of small targets. 

This method is robust to minor positional variations and can effectively compute similarity even for non-

overlapping bounding boxes. 

The bounding box is first modeled as a 2D Gaussian distribution, where the central pixel has the highest 

weight, and the weight decreases from the center towards the boundaries. For a horizontal bounding box 

R=(cx,cy,ω,h), its corresponding Gaussian distribution can be represented as: 

f(x|μ,Σ)=
exp(-
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where x represents the pixel coordinates, μ is the mean vector, and Σ is the covariance matrix. By adjusting 

the parameters of the covariance matrix, the shape and size of the Gaussian distribution can be controlled. 

The Wasserstein distance is then employed to calculate the distance between two Gaussian 

distributions. For two Gaussian distributions, μ1 and μ2, their second-order Wasserstein distance is defined as: 
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For the Gaussian distributions μa and μb modeled from bounding boxes Α=(cxα,cyα,ωα,hα) and 

B=(cxb,cyb,ωb,hb), the distance can be further simplified to: 
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where W
2 

2  is a distance metric and cannot be directly used as a similarity measure (i.e., a value between 0 

and 1 like IoU). 
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Therefore, it is normalized using its exponential form to derive a new metric, the Normalized Wasserstein 

Distance (NWD), expressed as: 

NWD(Na,Nb)=exp(-
√W2

2(Na,Nb)

C
)                             (4) 

where C is a constant closely related to the dataset, controlling the range of NWD values. 

 

RESULTS AND DISCUSSIONS 

EXPERIMENTAL DESIGN AND ANALYSIS 

Experimental environment and evaluation indicators 

The experimental hardware configuration for this study included an AMD Ryzen 5 7500F 6-Core Processor, 

an NVIDIA GeForce RTX 4070 GPU (with 12 GB of video memory), 32 GB of RAM, a 2 TB solid-state drive, 

and the 64-bit Windows 10 operating system. The software environment consisted of PyTorch 2.7.1, CUDA 

13.0, and Python 3.11. The relevant hyperparameters were set as follows: the number of training epochs was 

200, the batch size was 16, and the input image resolution was 640 × 640 pixels. To enhance the convergence 

rate, the initial learning rate was set to 0.01. 

To evaluate the performance of the improved model in detecting multiple rice growth stages, precision, 

recall, and mean average precision (mAP) were employed as the core metrics. Model complexity was 

quantified by analyzing the floating-point operations (FLOPs). Real-time performance was assessed using the 

frames per second (FPS). Comparative experiments with mainstream object detection algorithms were 

conducted to comprehensively validate the enhanced balance between accuracy and efficiency achieved by 

the proposed model. 

Conclusions on rice growth stage identification 

Upon the successful completion of the model training phase, the optimal weight file, best.pt, was obtained. 

The performance metrics for each rice growth stage category are summarized in Table 1. Subsequently, 

images from the test set were utilized to comprehensively assess the model's performance in identifying growth 

stages. To provide a visual representation of the results of the growth stage identification experiment, the 

outcomes are depicted in the form of a confusion matrix, as presented in Figure 7. 

From the normalized confusion matrix, it can be observed that the improved YOLO model exhibits superior 

performance in identifying rice during the early growth stages, but its performance is relatively insufficient in 

the later stages. This decline in accuracy after the milky stage is attributed to the high visual similarity between 

the ripening rice panicles, which transition from green to yellow, and the surrounding rice leaves. 

Table 1 

Per-class performance metrics for rice growth stages 

Class P/% R/% mAP50/% 

Green-up stage 99.5% 99.9% 99.5% 

Tillering stage 99.4% 100% 99.5% 

Jointing-booting stage 93.4% 93.1% 97.3% 

Flowering stage 91.5% 82.7% 92.2% 

Milk-ripe stage 85.3% 76.1% 84.2% 

Yellow-ripe stage 91.4% 86.1% 93.5% 

 
Fig. 7 – Confusion Matrix Normalized 
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Loss function curve analysis 

Fig. 8 shows the loss function curves over the 500-iteration training process. In the first 10 iterations, 

both the training and validation losses decreased rapidly. After approximately 70 iterations, the two loss curves 

converged and ran nearly parallel, indicating the model was approaching its optimal state. Notably, during the 

final 10 iterations, the training loss experienced a sharp decline due to the deactivation of the Mosaic data 

augmentation, eventually fluctuating and stabilizing around a value of 2.0. Throughout the training, the trends 

of the two loss values remained consistent without significant divergence. These results indicate that, during 

training, the model for cold-region rice growth stage identification exhibited no signs of overfitting or underfitting, 

demonstrating good generalization capability. 

 
Fig. 8 - Loss Function Curve 

 

Ablation Study 

To further verify the effectiveness of the proposed improvement measures for the rice growth stage 

recognition model, an ablation study was conducted using YOLOv12n as the baseline model. As shown in 

Table 2, the results indicate that the D-LKA module improves the detection accuracy while maintaining a 

reasonable computational cost; BiFPN significantly enhances the efficiency of multi-scale feature utilization, 

achieving this goal through weighted feature fusion. In the comprehensive experiments, these modules 

demonstrated good compatibility and synergy. The final model achieved an accuracy of 93.4%, a recall rate of 

89.7%, and an average precision (mAP@0.5) of 94.4%, which was 4.9 percentage points higher than the 

baseline model and reduced the recognition speed by 27.3 FPS. 

Due to the need for higher precision in identifying the rice growth stages in the complex environment of 

paddy fields to make irrigation decisions, and since the YOLOv12n-DBD model has greater advantages in 

terms of accuracy and less reduction in recognition speed, the improved model is more superior compared to 

the original model. 

Table 2 

Ablation test results 

Yolo 

v12n 
DySample BiFPN D-LKA NWD P/% R/% mAP50/% GFLOPs FPS 

✔ - - - - 89.1 84.2 89.7 5.8×109 149.2 

✔ ✔ - - - 89.1 85.2 90.2 6.3×109 105.2 

✔ - ✔ - - 88.9 84.8 89.9 6.3×109 147.1 

✔ - - ✔ - 88.6 84.9 89.9 6.1×109 121.9 

✔   - ✔ 89.7 86.2 91 6.3×109 142.9 

✔ ✔ ✔ - - 91.9 88.1 93.3 6.3×109 111.1 

✔ ✔ ✔ ✔ - 93 87.8 93.4 6.4×109 91.7 

✔ ✔ ✔ ✔ ✔ 93.4 89.7 94.4 6.4×109 121.9 

Note: "-" indicates not using this module; 

 "√" indicates the adoption of this module; 

 

Comparative Experiment on Different Models 

Comparative experiments were conducted to evaluate the performance differences between the 

improved model and other leading models in detecting multiple rice growth stages. The proposed YOLOv12n-
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DBD model was compared with Faster R-CNN and mainstream YOLO variants. The results are summarized 

in Table 3, and the performance differences are visually presented in Fig. 9.  

In these comparative tests, the proposed model demonstrated significant advantages in key metrics 

such as precision, recall, and mean average precision, while maintaining a relatively low computational cost 

(GFLOPs), reflecting its excellent overall detection capability. Although its inference speed on the test platform 

was slightly lower than that of some comparative models, it still meets the real-time requirements for rice 

growth stage image recognition. This indicates a favorable balance between accuracy and efficiency for 

practical application scenarios. 

Table 3 

Comparative experimental results of different models 

Model P/% R/% mAP50/% GFLOPs FPS 

SSD 82.6 66.5 72.5 3.1×1010 77.1 

Faster R-CNN 68.3 82.2 81.4 1.3×1011 20.1 

YOLO v5n 82.3 77.7 82.5 7.1×109 86.9 

YOLO v8n 84.8 80.1 85.0 8.1×109 200 

YOLO v10n 85.4 82.2 86.6 8.2×109 129.8 

YOLO v11n 86.8 81.7 87 6.3×109 82.6 

YOLO v12n 89.1 84.2 89.7 5.8×109 149.2 

YOLO v12n-DBD 93.4 89.7 94.4 6.4×109 121.9 

Note: P is the precision rate; R is the recall rate; 

 mAP50 is the average precision mean; 

 GFLOPs are floating-point operations 
 

 
Fig. 9 - mAP50 curves for each comparison model 

 
Rice growth period identification system  

Based on the improved YOLOv12n algorithm for cold-region rice growth stage identification, a dedicated 

recognition system was developed. The system adopts a modular architecture and features a comprehensive 

visual interface built on the PyQt5 framework. The overall interface layout is shown in Fig. 10. 

The system's core functionalities comprise four main modules:  

⚫ Operation Module: Users import single or batch rice growth stage images via the "Upload Single 

Image" or "Batch Upload Images" buttons.  

⚫ Identification Module: After clicking the "Start Detection" button, the improved YOLOv12n model 

performs feature extraction and growth stage identification, accurately distinguishing key stages 

such as tillering and jointing-booting.  

⚫ Result Output Module: Detection results are displayed in real-time on the right panel of the interface, 

visualizing the distribution of rice growth stages using bounding boxes and category labels. 

Simultaneously, detailed identification statistics are output in a dedicated results window below.  

⚫ Export Module: This module generates a structured data file containing plant locations, growth 

stage categories, and confidence scores, providing data support for subsequent agricultural 

research such as growth progression analysis and population vigor assessment. 
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Fig. 10 - Visual interface of the cold-region rice growth period identification system 

 

CONCLUSIONS 

This study introduces YOLOv12n-DBD, an improved YOLOv12n-based model, addressing low 

recognition accuracy and poor generalization in cold-region rice growth stage identification caused by subtle 

morphological variations, complex field environments, and occlusions. The model enhances recognition 

precision and inference efficiency through synergistic optimization. 

1. Enhancements to YOLOv12n include a deformable large kernel attention (D-LKA) module in the neck 

to improve multi-scale feature extraction and geometric modeling via adaptive sampling. A bidirectional 

weighted feature pyramid network (BiFPN) optimizes multi-scale feature fusion. The integration of a dynamic 

upsampling (DySample) and normalized Wasserstein distance (NWD) improves feature map reconstruction 

and small object detection, significantly increasing accuracy in identifying rice phenological stages. 

2. The YOLOv12n-DBD architecture achieves a mAP@0.5 of 94.4%, with 93.4% precision and 89.7% 

recall on a cold-region rice phenology dataset. It requires 6.4 GFLOPs and 5.5 million parameters, combining 

high detection accuracy with computational efficiency. The model outperforms YOLOv5n, YOLOv8n, and 

Faster R-CNN, demonstrating robust performance and practical applicability in harsh cold environments. 

3. Based on the improved model, a rice growth stage identification system for cold regions was 

constructed. A visual interactive interface was developed using PyQt5, enabling high-precision real-time 

recognition on local devices and automatic output of structured data including target locations and phenological 

stages. Future work will focus on model lightweighting and edge deployment to adapt to mobile terminals and 

field IoT nodes. 
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