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Abstract

:

Accurately obtaining both the number and the location of rice plants plays a critical role in agricultural applications, such as precision fertilization and yield prediction. With the rapid development of deep learning, numerous models for plant counting have been proposed. However, many of these models contain a large number of parameters, making them unsuitable for deployment in agricultural settings with limited computational resources. To address this challenge, we propose a novel pruning method, Cosine Norm Fusion (CNF), and a lightweight feature fusion technique, the Depth Attention Fusion Module (DAFM). Based on these innovations, we modify the existing P2PNet network to create P2P-CNF, a lightweight model for rice plant counting. The process begins with pruning the trained network using CNF, followed by the integration of our lightweight feature fusion module, DAFM. To validate the effectiveness of our method, we conducted experiments using rice datasets, including the RSC-UAV dataset, captured by UAV. The results demonstrate that our method achieves a MAE of 3.12 and an RMSE of 4.12 while utilizing only 33% of the original network parameters. We also evaluated our method on other plant counting datasets, and the results show that our method achieves a high counting accuracy while maintaining a lightweight architecture.
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1. Introduction


Rice is a pivotal food crop globally, intimately associated with both food security and economic stability [1]. Research on rice is imperative for enhancing agricultural productivity and advancing technological innovations. Accurately counting rice seedlings is essential for devising subsequent management strategies such as transplantation and the administration of water and fertilizers [2]. Such counts enable assessments of density, effectiveness, and overall growth quality within rice fields [3]. Furthermore, early plant counting facilitates the monitoring of genetic variations across fields, which is particularly crucial in large-scale breeding experiments [4]. Currently, rice counting predominantly relies on manual sampling and statistics [5], involving the selection of specific plots for sampling. This traditional method, however, is labor-intensive, time-consuming, and often yields results that are not representative of the entire field. Manual counting is prone to human error and can cause damage to the rice field environment. An optimal solution would be the development of a model capable of automatically counting rice plants, thereby enhancing accuracy and efficiency.



In recent years, the advancement of deep learning technologies has significantly enhanced the development of image-based plant counting models. Predominantly spearheaded by convolutional neural networks, these deep learning models have catalyzed substantial technological advancements in the field of plant counting. Unlike traditional machine learning models, which rely on manually selected phenotypic features such as color and texture, deep learning models leverage their robust feature extraction capabilities. This allows them to effectively differentiate between complex field environments and plant phenotypes, leading to impressive performance across various scenarios. Similar to applications in crowd and vehicle counting, plant counting models predominantly utilize density maps and regression boxes to quantify counts accurately.



Motivation. Although significant advancements have been made in models for counting rice, several unresolved issues persist. First, many existing plant counting models are characterized by excessively large parameters, necessitating substantial computational resources. This requirement renders them impractical in resource-constrained agricultural settings, particularly when deployed on edge devices with limited computing capabilities. Furthermore, prevalent methods such as density map [6,7] approaches rely on per-pixel regression calculations, which fail to provide specific location information for individual plants. This limitation hampers detailed plant-level analysis, which is critical for precise agricultural interventions. Finally, the variability in plant morphology within rice fields, especially during different growth stages, poses additional challenges. Different rice varieties exhibit distinct phenotypic traits that can significantly impact the accuracy of counting and localization methods.



The advent of P2PNet [8] signifies a pivotal shift from conventional counting methods. This point-to-point architecture discards traditional density maps and detection-based techniques; hence, it has been adopted as the baseline model. Works such as those by [9,10] have demonstrated effective adaptations of P2PNet for specialized plant counting applications. Despite these advancements, the augmented versions of P2PNet remain overly cumbersome for deployment in environments with limited computational resources. Moreover, the feature fusion module of P2PNet, which solely merges mid-level and deep-layer features, is insufficient for adequately capturing the varied plant characteristics present in complex rice field environments. This limitation underscores the need for a more comprehensive approach to feature integration to enhance the model’s applicability and efficiency.



Contributions. To address the above issues, this work presents three principal contributions:




	
First, this paper introduce P2P-CNF, a lightweight rice counting model optimized for resource-constrained agricultural settings. The reduced parameter size of P2P-CNF ensures its suitability for enhanced counting and positioning tasks, facilitating efficient deployment in fields where computational resources are limited.



	
Second, a novel pruning method, Cosine-Norm Fusion (CNF), is proposed, designed to decrease the model’s parameter count while retaining maximal information from the original model. This pruning technique enables the model to maintain its performance integrity, ensuring minimal loss in functional efficacy.



	
Lastly, the Depth-Attentive Fusion Module (DAFM), a lightweight feature fusion module that significantly enhances the model’s overall performance, is developed. The DAFM utilizes depthwise separable convolution combined with a linear self-attention mechanism to achieve superior results while maintaining a low-parameter footprint.









2. Related Work


The section will discuss the relevant work from two aspects.



2.1. Network Pruning


In recent years, the relentless advancement of computational capabilities has catalyzed significant developments in deep learning across diverse domains [11], encompassing computer vision [12,13,14,15,16] and natural language processing [17,18], resulting in groundbreaking achievements. Notably, modern visual models such as vision transformers possess parameter counts reaching up to 632 million, while traditional convolutional neural networks (CNNs) like ResNet-150 and VGG16 have parameter counts of 230 million and 528 million, respectively [19,20,21,22,23,24]. These high parameter counts significantly elevate computational costs, thereby necessitating advanced hardware for deployment.



To address these challenges, substantial efforts have been devoted to refining models through various optimization techniques, with network pruning emerging as a particularly effective strategy [25,26]. Network pruning systematically eliminates weights and parameters that minimally impact the model’s output, thereby minimizing performance degradation. This process is primarily categorized into structured [27,28,29] and unstructured pruning [30,31]. Unstructured pruning [30,32,33,34] aims at meticulously optimizing the model by removing specific parameters or connections, although it often requires specialized hardware for full effectiveness. Conversely, structured pruning [28,35,36] targets entire neurons or channels, preserving the network’s architectural framework and facilitating deployment on standard hardware without the need for specialized support. This dichotomy in pruning methodologies underscores a pivotal aspect of contemporary deep learning—balancing model complexity with computational efficiency, which is crucial for practical deployment across varied platforms.



Significant strides have been made in the domain of network pruning, particularly in the methodologies for pruning and merging filters within convolutional neural networks. He et al. [37] investigated the redundancy of filters based on their relationships within the same layer, subsequently devising the Filter Pruning via Geometric Median (FPGM) approach to efficiently eliminate these redundancies. Concurrently, Wan [38] developed a correlation-based pruning algorithm (COP), which enhances model simplicity by normalizing and comparing filters at various levels to a universal scale.



The incorporation of batch normalization (BN) layers [39], which are prevalent in contemporary CNNs, has further influenced pruning strategies. Liu et al. [40] utilized the gamma parameter in BN layers as a scaling factor, integrating the L1 norm into the loss function to induce sparsity and selectively prune channels with minimal gamma values. Expanding upon this framework, You et al. [41] introduced the Tick Lock approach, applying Taylor expansion to evaluate the significance of gamma values in BN layers and facilitating the removal of inconsequential channels. Furthermore, Zhuang et al. [42] proposed polarization regularization (PR), akin to the method by [40], but with a nuanced approach that avoids indiscriminate sparsity by only targeting less critical channels and amplifying the gamma values of vital channels. An additional penalty term was incorporated to refine the efficacy of the L1 norm. Similarly, structured channel pruning (SCP) [43] methodologically integrates the pruning process with BN layers and ReLU activation functions, illustrating an advanced technique to optimize network efficiency and functionality.



These innovations underscore a trend toward sophisticated, adaptive pruning techniques that not only reduce computational overhead but also maintain or enhance model performance across diverse operational contexts.




2.2. Plant Count


The counting and localization of plants have been central areas of research within agricultural studies, given their critical importance for both agricultural experimental and production processes [44,45]. Earlier approaches, constrained by limited computational power, predominantly relied on machine learning techniques to achieve plant counting [46,47,48]. These methods heavily depended on manually extracting the phenotypic features of plants, necessitating considerable feature engineering, which ultimately limited the robustness of these models in complex, real-world environments.



With the advent of deep learning, significant progress has been made in overcoming these limitations. There are currently two primary categories of plant counting methodologies: regression-box-based detection algorithms [49] and density-map-based algorithms [50,51]. Thanks to advancements in object detection techniques such as the YOLO series [15] and Faster R-CNN [16], algorithms for plant counting and localization have seen substantial breakthroughs. For example, Buzzy et al. [52] successfully implemented detection and recognition functionalities for tree leaves using YOLO v3, while Wang et al. [53] developed a flower detection and counting system by integrating the Ghost module and P2 detection head into YOLOv8. Similarly, Zhang et al. [54] used UAV-captured images of dense holly trees and constructed a YOLOX network, which demonstrated robust performance across different scales and scenes. Chen [55] extended this work by employing drones to capture sorghum seedlings at varying heights, validating the counting results using support vector machines (SVM) alongside YOLOv5 and YOLOv8, finding YOLOv5 to achieve the highest accuracy.



In parallel, density-map-based algorithms have also been widely adopted in plant counting applications. The TasselNet series [56,57,58] effectively utilized density maps in conjunction with regression techniques to accurately count maize tassels. Bai et al. [6,7] introduced Ricenet and Rpnet, leveraging attention mechanisms and positive-negative loss to count rice plants in complex field conditions. In addition, Wu et al. [59] combined UAV imagery with fully convolutional networks and density maps to count rice seedlings, providing a promising approach for yield estimation. Liu et al.’s [60] proposed IntegrateNet, a novel architecture employing local supervised density maps and local counting, demonstrated significant improvements in maize counting accuracy.





3. Materials and Methods


3.1. UAV-Based RGB Image Collection


In this study, UAV-based RGB imagery was employed to monitor rice growth. The UAV flights were conducted over a rice field located in Changsha, Hunan Province, China, characterized by a subtropical monsoon climate. Figure 1 provides a detailed overview of the geographical location, the equipment utilized, and the collected imagery. Data collection was carried out from May 2024, utilizing a DJI M300 RTK drone equipped with a DJI P1 camera. Flight operations were scheduled between 8:00 a.m. and 10:00 a.m. daily to ensure optimal lighting conditions provided by sufficient sunlight. The UAV was operated at an altitude of 15 m and a speed of 3 m per second. The onboard RGB camera, positioned perpendicularly to the ground, captured high-resolution images with a focal length of 35 mm. Image acquisition was strategically planned to achieve an 80% frontal overlap and a 70% side overlap among consecutive images, ensuring comprehensive coverage of the surveyed area. The resultant images boasted a resolution of 8192 × 5460 pixels, facilitating detailed analysis of the crop’s developmental stages.




3.2. Rice Plant Counting Dataset Collected by UAV


To address the computational challenges posed by the high-resolution raw images obtained via UAV, the images were processed to isolate specific stages of rice tillering. Each image was systematically cropped to a uniform size of 1400 × 1400 pixels, ensuring a focused dataset suitable for rice counting tasks. This curated dataset, designated as the RSC-UAV (Rice Seedling Counting-UAV) dataset, includes 401 high-quality images of rice plants at various tillering stages, illustrated in Figure 2. Each image was meticulously annotated using the LabelMe(3.11.2) software to identify the center point of individual rice plants. The annotation process involved manually marking the center point of each rice seedling in the image by visual inspection, ensuring accuracy in the placement of the annotation. These center points serve as the ground truth for training and evaluating the rice counting model. Ground truth refers to the manually labeled data that represent the correct answer for the task at hand, and in this case, it consists of the accurately marked center points of each rice plant in the image. It is used to assess the performance of the model by comparing its predictions with these manually annotated coordinates. The dataset was split into a training set comprising 280 images, which collectively contain 49,428 annotated center points, with each image featuring between 43 to 212 rice plants. The testing set consists of 121 images with a total of 20,340 center points, each image featuring 67 to 217 rice plants. Figure 3 illustrates the distribution of the training and testing sets, providing a visual overview of the dataset’s composition and the density of the rice plant annotations.




3.3. Other Dataset


URC Dataset: The URC (UAV-based Rice Plant Counting) dataset, collected from 2018 to 2019, is a specialized dataset for rice plant counting [6]. It comprises 355 original high-resolution images, each with dimensions of 5472 by 3648 pixels. Within each image, rice plants are annotated at their center points. The dataset is divided into a training set of 246 images and a test set of 109 images, with individual images containing between 84 and 1125 rice plants.



WED Dataset: The WED (Wheat Ear Detection) dataset, proposed by Madec et al. [4], comprises images each of 6000 by 4000 resolution, featuring over 20 different wheat genotypes. Each image typically contains between 80 and 170 wheat ears. Due to its bounding box annotations, we converted these to center point annotations to better suit our methodology.



MTC dataset: The MTC (Maize Tassel Counting) dataset, proposed by Lu et al. [56], is dedicated to corn tassel counting. It encompasses images sourced from four experimental fields over the period from 2010 to 2015, totaling 361 images divided into 186 for training and 175 for testing. The images are originally in resolutions of 3648 × 2736, 4272 × 2848, or 3456 × 2304, respectively.




3.4. Methond


3.4.1. Problem Definition


Let I denote a rice field image containing N seedlings, where    r i  =  (  x i  ,  y i  )  , i ∈  { 1 , … , N }    represents the center coordinates of the i-th rice seedling in the image. The complete set of all center points is denoted by   R = {  r i  ∣ i ∈  { 1 , … , N }  }  . Given a rice seedling counting model   f ( I ;  θ f  )  , the objective of rice seedling counting and localization is to identify and count all seedlings within the image, expressed as    {  R ^  ,  P ^  }  = f  ( I ;  θ f  )   . In this formulation,    R ^  =  {   r ^  j  ∣ j ∈  { 1 , … , M }  }    and    P ^  =  {   p ^  j  ∣ j ∈  { 1 , … , M }  }    denote the predicted center coordinates of the seedlings and their associated confidence scores, respectively. Here,   θ f   represents the learnable parameter vector of the model, and M is the number of predicted seedlings.



In this study, our objective is to make the model   f (  θ f  )   more lightweight by employing pruning strategies, specifically focusing on reducing the number of parameters and computational costs while maintaining performance in counting and locating rice seedlings. By introducing pruning techniques, we aim to optimize   θ f   such that   f (  θ f  )   becomes more efficient and deployable, particularly in resource-constrained agricultural settings.




3.4.2. P2P-CNF


P2P, a novel crowd counting network developed by Tencent YouTu Laboratory, departs from traditional detection algorithms reliant on density maps and regression boxes. It employs a point-to-point network architecture that simplifies the detection process by directly outputting a set of point coordinates representing the center of objects. The network architecture of P2Pnet comprises three principal components: a feature extractor, a feature fusion module, and a dual-branch prediction head. The feature extractor used the VGG16_BN backbone to derive feature representations from the input image. In the subsequent stage, the feature fusion module integrates these features at both deep and middle levels, channeling them towards the predictive heads—one for regression, determining the coordinates of targets, and another for classification, assessing their confidence levels.



P2P-CNF is an advanced lightweight model specifically developed for rice counting, designed for implementation in resource-constrained agricultural settings while preserving optimal model performance. To achieve a balance between model efficiency and accuracy in rice plant counting, several improvement have been integrated into the model:



	
Backbone Network Pruning: We introduce Cosine-Norm Fusion (CNF), a pruning methodology that minimizes information loss, ensuring the model remains lightweight while retaining high accuracy for rice counting.



	
Lightweight Feature Fusion Module: The upgraded feature fusion module DAFM significantly cuts down the number of parameters, enhancing the model’s capability to capture and integrate multi-layered information effectively. This allows for improved recognition of rice plants in diverse field conditions.






The architecture of the P2P-CNF is depicted in Figure 4. Initially, the original P2P network is trained, followed by the application of our CNF method to prune this trained network. After a fine-tuning process, a more compact and efficient network is obtained. The process flowchart is illustrated in Figure 5.



This reduction significantly compacts the network’s volume, resulting in a more concise representation of information. The refined feature maps   f 1   to   f 4   are then inputted into our Depth-Attentive Fusion Module (DAFM). Within the DAFM, features are progressively fused from deeper to shallower layers. Prior to each fusion step, a linear attention mechanism is applied to each layer to enhance the extraction of effective information, thereby optimizing the utilization of multi-scale feature layers. The multi-scale features that are fused are then forwarded to execute regression and classification tasks at the prediction head. During the prediction process, the Hungarian algorithm is employed to match predicted points with generated points one-to-one, as detailed in Section 3.4.1. During this phase, an   N × M   matrix is generated, where each matrix element   e  i j    is defined as follows:


   r  i , j   = ϵ    r i  −   r ^  j   2  −   p ^  j   



(1)







In the formulation,  ϵ  serves as a weighting factor to modulate the influence of the L2 distance. The variable    p ^  j   denotes the confidence level associated with the predicted position    c ^  j  . Subsequently, the optimal matching is ascertained by evaluating the values within the matrix.



Owing to the adoption of our CNF pruning method, an L1 norm is employed to induce sparsity in the batch normalization (BN) layers. This approach results in the specified loss function:


  L =   1 N     λ 1   ∑  i = 1  N   L loc   (  r i  ,   r ^  i  )  +  ∑  i = 1  N   L cls   (   p ^  i  )  +  λ 2   ∑  γ ∈ BN     ∥ γ ∥  1    



(2)




where   L loc   is the regression loss calculated using the Euclidean distance between the actual and predicted positions, and   L cls   represents the classification loss, modeled by cross-entropy. The term    ∥ γ ∥  1   imposes a sparsity penalty on the  γ  coefficients within the BN layers, controlled by   λ 2  .




3.4.3. Cosine-Norm Fusion


This study introduces Cosine-Norm Fusion (CNF), a novel approach designed for pruning to substantially reduce the number of parameters in neural networks, as shown in Figure 6. Inspired by Liu et al.’s [40] application of scaling factors for channel sparsity and Kim et al.’s [61] dynamic token fusion to optimize transformer architectures, CNF integrates channel-level sparsity with token fusion processes within convolutional neural networks. This method strategically employs norm fusion during the pruning process to minimize information loss, thereby maintaining computational efficiency without significantly compromising accuracy. CNF addresses the enduring challenge of balancing performance with model compactness, proposing a solution that is both innovative and practical for advanced neural network applications.



CNF follows the pruning process established by [40], integrating both the L1 norm and the scaling factor  γ  from batch normalization (BN) layers as regularization terms in the loss function. Leveraging the rapid convergence and strong generalization capabilities of the BN layer, the pruning is optimized by emphasizing unimportant channels. In the BN layer, given the input   x  i n   , the output   x  o u t   , and a mini-batch  B , the transformation is defined as follows:


   x ^  =     x  i n   −  μ B      σ  B  2  + ϵ     ;   x  o u t   = γ  x ^  + β  



(3)







With this, our optimization objective is defined as follows:


  L =  ∑  ( x , y )   l  ( f  ( x , w )  , y )  + λ  ∑  γ ∈ Γ   p  ( γ )   



(4)




where x and y, respectively, represent the input and target of the network,   μ B   and   σ B   are the mean and standard deviation of the input activation values over the mini-batch  B , and W represents the weights of the network. The function   p ( · )   denotes the L1 norm used as a penalty term, and subgradient descent is applied to sparsify the scaling factor  γ . The parameter  λ  is a balancing factor between the main loss and regularization terms, while  γ  and  β  are trainable parameters in the batch normalization layer. To achieve a more compact network, channel pruning is applied based on a global threshold across all layers. Specifically, the threshold is defined as a certain percentile of all scaling factor values in the network. For example, by setting the percentile threshold to 50%, the 50% of channels with the lowest scaling factors are pruned. This approach allows for a reduction in the number of parameters and run-time memory requirements, as well as a decrease in computational overhead, resulting in a streamlined model optimized for efficiency.



The cosine similarity between the pruned channels and the retained channels at the same network level is then iteratively computed to identify pairs for merging. The merging method proposed by [61] is adopted, with the distinction that we introduced a weight for each merged channel. To facilitate this, a bipartite graph is constructed where edges represent the similarity weights between pruned and retained channels. Using the Hungarian algorithm, the channel pairs with the highest similarity weights, indicating the most similar channels, are determined, and subsequently, norm merging is performed. This process is defined by the following operations:


   w ¯  =    s i m i l a r i t y ·  w pruned  +  w remaining   2    



(5)






   w new  =    w ¯    ∥   w ¯   ∥     ·  ∥  w remaining  ∥   



(6)







Here,   w ¯   represents the intermediate merged weight, calculated as the average of the similarity-weighted pruned channel and the retained channel. The final weight   w new   is then normalized to match the magnitude of   w remaining  , preserving the scale of the retained channel while incorporating information from the pruned channel.




3.4.4. Depth-Attentive Fusion Module


In the initial P2P feature fusion module, fusion was restricted to three feature modules from the middle and deep layers, overlooking the valuable information present in the shallow layers. Furthermore, the use of conventional convolution operations in the fusion process introduced a substantial parameter overhead. To address these limitations and enhance model efficiency, this paper introduce the Depth Attentive Fusion Module (DAFM). As depicted in Figure 7, the DAFM extracts and integrates four feature modules spanning shallow to deep layers from the backbone network, significantly enriching the model’s feature representation capacity.



During the fusion process at each layer, the feature maps first undergo depthwise separable convolution, which adjusts the channel dimensions. This convolution technique, comprising depthwise and pointwise convolutions, reduces computational demands by separately convolving each input channel in the depthwise phase and subsequently combining these outputs through pointwise convolution. This method drastically cuts the computational burden associated with traditional convolutions. Following this, the processed feature modules are inputted into the linear attention mechanism. This simplified version of self-attention ensures the model remains lightweight while maintaining high performance. Linear attention operates by projecting the feature map into query (q), key (k), and value (v) vectors using fully connected layers:


      q     k     v     =      W q       W k       W v       x f  +      b q       b k       b v       



(7)







It then computes the original attention scores through the dot product of q and k, followed by a normalization using the softmax function:


  A t t e n t i o n s c o r e s = s o f t m a x     q ·  k T     d k       



(8)




where   d k   is the dimensionality of the key vectors, used to scale the dot product for stabilization. The resulting attention scores are employed to weight and synthesize the value vector v, allowing the model to dynamically focus on the most pertinent features according to the computed attention:


  O u t p u t = A t t e n t i o n s c o r e s · v  



(9)







This output captures an integrated representation of the input feature map, substantially enhancing the model’s ability to discern crucial information. Through the integration of the DAFM, our model achieves enhanced feature fusion, enabling superior differentiation of individual rice plants in complex field environments while maintaining a streamlined architecture, thus boosting both the efficiency and accuracy of counting.






4. Results


4.1. Implementation Details and Evaluation Metric


Similar to the base model P2PNet [8], the Adam optimizer was used during the training phase. The hyperparameter settings for training were kept consistent with those used in P2PNet to ensure comparability between the models. The VGG16-BN backbone was initialized using pre-trained weights provided by PyTorch. The specific experimental runtime environment is detailed in Table 1.



To assess the performance of the model, two commonly used evaluation metrics were employed: the mean absolute error (MAE) and root mean squared error (RMSE). These metrics are defined as follows:


  M A E =   1 N    ∑  i = 1  N    R i  −   R ^  i    



(10)






  R M S E =     1 N    ∑  i = 1  N     R i  −   R ^  i   2     



(11)




where   R i   represents the actual number of rice plants in the i-th image,    R ^  i   denotes the predicted number of rice plants for the same image, and N is the total number of images in the test set.



We use precision, recall, and the F-measure to evaluate the plant positioning indicators. Their definitions are as follows:


  F - m e a s u r e = 2 ×    P r e c i s i o n × R e c a l l   P r e c i s i o n + R e c a l l     



(12)






  P r e c i s i o n =    T P   T P + F P     



(13)






  R e c a l l =    T P   T P + F N     



(14)







In this context, TP refers to true positives, FP to false positives, and FN to false negatives.




4.2. Experiment on the RSC-UAV Dataset


In this section, the method is compared with several state-of-the-art techniques. Specifically, both advanced plant phenotyping methods (RiceNet and RPNet) and mainstream population counting models (CSRNet, FIDTM, PET, and P2PNet) are evaluated, with the results presented in Table 2. For this comparison, we set the sparsity threshold to 60%, meaning that 60% of the parameters are pruned from the backbone network. After pruning, the model’s total number of parameters is reduced to 7.31 M, which is approximately 67% of the parameters in the original P2PNet model. As shown in Table 2, the method achieves excellent results while maintaining a lightweight model architecture. The MAE and RMSE of the model are 3.12 and 4.12, respectively, which are second only to the baseline P2PNet. Compared to P2PNet, the model lags behind by only 0.18 in MAE, but with significantly fewer parameters.



When compared with the newer rice plant counting models, RiceNet and RPNet, P2P-CNF demonstrates clear advantages. Specifically, the MAE is reduced by 17% and the RMSE by 14% compared to RPNet, while the number of parameters in the model accounts for only 35% of RPNet. When compared to RiceNet, the MAE decreases by 15% and the RMSE by 13%. Furthermore, compared to several advanced crowd counting models (CSRNet, PET, and FIDTM), the method achieves a leading performance, with the best MAE and RMSE among these models, while maintaining a lower parameter count. This is largely attributed to the DAFM module, which integrates features at multiple levels in a lightweight manner, allowing for the precise identification of rice plants with diverse features. For the comparison of localization performance, we evaluated the precision, recall, and F-measure for PET, FIDTM, P2PNet, and P2P-CNF (pruned by 60%). As shown in Table 3, the precision, recall, and F-measure of P2P-CNF (60% pruned) reached 95.5%, 96.0%, and 95.7%, respectively, which are comparable to the original P2PNet model. Compared to FIDTM and PET, our method demonstrated a slight advantage, with significantly fewer parameters.



To further demonstrate the effectiveness of the method, the detection results of these models are visualized in Figure 8. Figure 8a presents the ground truth, followed by the detection results from different models, displayed from Figure 8b–h. The model, P2P-CNF(60% pruned), exhibits superior recognition accuracy across different rice growth stages, particularly during the late tillering stage. It is worth noting that in the final image of Figure 8b, P2P-CNF successfully identifies rice plants that are staggered together, whereas the baseline P2PNet struggles in this scenario. This improvement can be attributed to the lightweight multi-layer feature fusion module. Overall, the method achieves excellent performance while maintaining a balance between model efficiency and accuracy, making it well-suited for agricultural environments with limited computational resources.




4.3. Impact of Pruning Parameters on RSC-UAV Dataset Performance


In this chapter, the impact of network slimming on counting performance is investigated by pruning 40% to 80% of the model’s backbone parameters. The experiments were conducted on the RSC-UAV dataset, with the results summarized in Table 4. The unpruned P2PNet model yielded an MAE of 2.94 and an RMSE of 3.84. When 40% and 50% of the parameters were pruned from the backbone network, the resulting P2P-CNF models had 8.63 M and 10.42 M parameters, respectively. These models showed slight impacts on MAE and RMSE, suggesting a minimal degradation in performance compared to the original model.



The best results were obtained when 60% of the parameters were pruned, yielding a MAE of 3.12 and an RMSE of 4.12. In this case, the MAE increased by only 0.18 and the RMSE by 0.28 compared to the original model. Furthermore, when compared to the 50% pruning configuration, the MAE decreased by 9% and the RMSE by 8%, demonstrating the effectiveness of further pruning. When 70% of the parameters were pruned, the total number of parameters in the P2P-CNF model reduced to 6.51M, which is just 30% of the original model. At this pruning rate, the MAE was 3.21, second only to the 60% pruning configuration. At an 80% pruning rate, the parameters of the model were significantly reduced, and the MAE remained relatively high at 3.66, only 0.72 higher than the original P2PNet model.



To provide a more comprehensive analysis of the effect of different pruning ratios on model performance, the detection results and heatmaps for each pruned version were visualized. These visualizations are shown in Figure 9, where Figure 9a presents the ground truth, followed by the results from models with progressively pruned parameters from Figure 9b–f. It is worth noting that in the second image of Figure 9a, several rice plants are missing markers in the ground truth. The model was still able to identify rice plants effectively. As rice plants approached the late tillering stage, the original P2PNet model began to show repetitive recognition, where rice plants were continuously labeled. However, the lightweight method successfully mitigated this issue, thanks to the Depth-Attentive Fusion Module (DAFM). This module employs depthwise separable convolutions combined with a linear self-attention mechanism, enabling the model to focus more precisely on the rice plants while maintaining a lightweight architecture. Consequently, the model was better equipped to identify overlapping rice plants and handle occlusions, resulting in improved overall performance in complex scenarios.




4.4. Ablation Experiment


To demonstrate the effectiveness of the CNF pruning module and the DAFM feature fusion module, extensive ablation experiments were conducted on the RSC-UAV dataset, with the results presented in Table 5.



Initially, the baseline model, P2PNet, was applied for rice localization and counting, yielding a MAE of 2.94 and an RMSE of 3.84. When the scale sparse rate was set to 0.4, indicating a 40% reduction in the number of parameters from the backbone network by the CNF pruning method, the MAE increased to 5.01, and the RMSE rose to 6.83, with the model size reduced to 11.68 M parameters. Adding the DAFM to the network after CNF pruning reduced the model’s parameter count to 10.4 M, resulting in improved performance with a MAE of 3.67 and an RMSE of 4.57. Compared to the network after CNF pruning alone, the model with the DAFM demonstrated a significant reduction in both the MAE (by 1.34) and RMSE (by 2.26), indicating a substantial improvement in both precision and counting accuracy.



When the scale sparse rate was set to 0.6, the pruning performance of the CNF method reached its optimal level. Without DAFM integration, the MAE was 4.44, the RMSE was 5.93, and the model contained 8.58M parameters. Integrating DAFM further reduced the MAE and RMSE to 3.12 and 4.12, respectively, while reducing the parameter count by an additional 1.27 M, making the model both lighter and more accurate. At a scale sparse rate of 0.8, most parameters had been pruned from the model. The model without DAFM integration had 6.93M parameters, with an MAE of 6.59 and an RMSE of 8.77. However, upon integrating DAFM, both MAE and RMSE decreased significantly to 3.66 and 4.94, respectively, with further parameter reduction. This clearly demonstrates the effectiveness of the DAFM module in enhancing model efficiency and performance.



To further investigate the impact of different components on model performance, we utilized heat maps for a more comprehensive analysis. A scale sparse rate of 0.6 was selected, along with the baseline model, for the visualization analysis. As shown in Figure 10, the heat maps provide insightful visualizations. In Figure 10c, it is evident that the backbone network of the model, after pruning with CNF, retains a strong ability to extract meaningful features. Figure 10d illustrates our complete method, P2P-CNF, where the integration of DAFM enhances the model’s feature attention. This improvement is largely attributed to the self-attention mechanism, which enables the model to more effectively focus on the key features of rice plants, resulting in better localization and counting performance.




4.5. Experiments on URC Dataset


To accelerate training, the URC dataset was resized by reducing both the width and height dimensions by half prior to training with P2PNet. Subsequently, the pruning methodology was applied followed by another training phase. The results are documented in Table 6.



Our optimal model achieved a MAE of 5.11 and an RMSE of 6.57. At this stage, the model’s parameter count was 7.31 M. Notably, the model’s MAE was 0.96 higher than that of the optimal PET model, yet our parameters constituted only 35% of those in the PET model, and the MAE was 0.65 higher than that of the baseline P2PNet model. These findings suggest that the pruning and feature fusion strategies effectively mitigate the information loss typically associated with parameter reduction. When compared to RiceNet and RPNet, the method achieves a slightly better MAE after pruning 60% of the parameters, while maintaining a significantly lower parameter count.



To further demonstrate the impact of our methods, we compared the baseline P2PNet model and our two most effective strategies on the URC dataset, incorporating the results from two distinct parameter reduction scenarios. Figure 11b–d illustrates their counting performance, while Figure 12b–d displays the heatmap visualizations.




4.6. Experiments on WED Dataset


Given that the WED dataset solely comprises bounding box annotations, these were transformed into point annotations to facilitate a uniform comparison. Furthermore, considering the dataset’s high-resolution imagery, the image resolution was reduced to one eighth of its original size prior to training. The training protocol was maintained as previously established, beginning with pre-training using P2PNet, followed by pruning through the method.



Table 7 presents the comparative results on the WED dataset. Notably, RPNet and P2PNet attained the optimal MAE of 3.61, with P2PNet demonstrating a lower RMSE. While our method did not achieve the foremost performance, it ranked closely behind these models, with an MAE of 3.95, merely 0.34 higher than the leading score. Relative to the baseline model P2PNet, P2P-CNF required only 32% of the parameters, significantly enhancing the model’s efficiency. Figure 13b,c illustrates the visual results for the baseline models P2PNet and P2P-CNF (Pruned by 60%). The heatmap clearly shows that despite substantial parameter reduction, our method proficiently maintains focus on the target.




4.7. Experiments on MTC Dataset


Prior to initiating training, the MTC dataset was processed by scaling the shorter sides of the images to 512 pixels and proportionally adjusting the longer sides to expedite training. The results are presented in Table 8. Surprisingly, the P2P-CNF exceeded the baseline model P2PNet for the first time, achieving the best MAE of 2.94, comparable to RPNet. Although RPNet’s RMSE was marginally lower than that of this model, the model used only 33% of RPNet’s parameters, striking a balance between performance and efficiency.



When approximately 80% of the parameters were pruned from the backbone network, P2P-CNF’s parameters were reduced to 5.54 M, just 25% of the baseline P2PNet model. Nonetheless, its performance remained comparable to P2PNet. Despite having more parameters than the lighter TasselNetv2+, our method achieved superior accuracy. Overall, we successfully balanced high performance with a lightweight architecture.



Furthermore, we visualized the results of different parameter configurations of P2P-CNF and the baseline model P2PNet on the MTC dataset. Figure 14b–f display the visualization of the counting results produced by our method. The counting results clearly demonstrate that our method also excels in sparse scenarios.





5. Discussion


In this article, we introduced a novel pruning method, Cosine Norm Fusion (CNF), and a feature fusion technique, the Depth Attention Fusion Module (DAFM). CNF uses cosine similarity calculations during pruning to minimize information loss, while DAFM combines depthwise separable convolutions with a linear self-attention mechanism to create a lightweight feature module. These techniques were incorporated into the point-to-point architecture model, P2PNet, resulting in a lightweight rice counting model, P2P-CNF. A critical aspect of the CNF pruning method is the determination of the global threshold for pruning. The global threshold is set based on a percentile of the scaling factor values from the batch normalization (BN) layers. Our experiments demonstrate that setting the sparsity rate to 0.6 and 0.7, which corresponds to pruning 60% or 70% of the parameters from the backbone network, results in optimal model performance. This reduction in parameters does not significantly affect the model’s accuracy. To further mitigate performance degradation caused by parameter reduction and potential imbalances in the network layers, we introduce the Depth Attentive Fusion Module (DAFM). This module efficiently integrates the information from the remaining channels using a self-attention mechanism, enabling the model to focus more on the most relevant features. As a result, the model can be deployed effectively in agricultural environments, ensuring both high performance and a lightweight architecture.



Furthermore, to gain a deeper understanding of the fusion effect of DAFM, we conducted a thorough investigation by comparing the performance of various fusion strategies following CNF pruning on the RSC-UAV dataset. Specifically, we evaluated the experimental results using different fusion modules, including the original fusion module of P2PNet, the DAFM module, and a version of the DAFM module without the linear self-attention mechanism. The results of these comparisons are presented in Table 9.



It is evident that even the DAFM module without the self-attention mechanism outperforms the original P2PNet feature fusion method in both parameter efficiency and accuracy. This improvement can be attributed to the more diverse feature fusion strategies employed by DAFM. Moreover, the integration of the linear self-attention mechanism further enhances its performance. The attention mechanism specifically focuses on the inherent characteristics of the rice plants, which contributes to a significant increase in accuracy.




6. Conclusions


This paper proposes a lightweight method, P2P-CNF, based on P2PNet. By utilizing CNF for pruning and integrating the DAFM module for feature fusion, the model effectively maintains high accuracy while operating in agricultural environments with limited computational resources. To assess the performance of P2P-CNF, we constructed the RSC-UAV dataset, specifically designed for rice plant counting using UAV imagery, and conducted extensive experiments on multiple datasets, including URC, WED, and MTC. The results demonstrate that P2P-CNF achieves outstanding performance across these diverse datasets, with fewer parameters than current mainstream plant counting models. Looking ahead, future research will focus on further refining lightweight methodologies and striving for even higher accuracy while minimizing the model’s parameter count, ensuring better adaptability to resource-constrained environments.
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Figure 1. (a) Data collection location. (b) The collection equipment and the corresponding captured images. 
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Figure 2. Samples of rice plants collected across different dates. 
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Figure 3. Distribution of training and testing datasets. 






Figure 3. Distribution of training and testing datasets.



[image: Agriculture 15 00122 g003]







[image: Agriculture 15 00122 g004] 





Figure 4. The overall architecture of P2P-CNF. 
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Figure 5. Flowchart of network slimming procedure. 
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Figure 6. In the pruning process employed by Cosine Norm Fusion (CNF), the scaling factors ( γ ) are derived from the batch normalization (BN) layers and regularization is implemented on these factors during training. When channels deemed less important become sparse, the cosine similarity between the pruned and retained channels is computed to facilitate their fusion. 
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Figure 7. Detailed process of Depth-Attentive Fusion Module (DAFM). 
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Figure 8. The visualization of different models on the RSC-UAV dataset is presented, with (a) showing the ground truth. “Real count” refers to the actual number of points; (b–h) display the results predicted by different models, where “pred count” indicates the number of points predicted by each model. 
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Figure 9. The visualization on the RSC-UAV dataset is presented, with the ground truth shown on (a) followed by backbone network models with progressively pruned parameter ratios from (b–f), and the original model displayed on (g). The visualization includes both the detection results and their corresponding heatmap representations. 
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Figure 10. The ablation experiment on the RSC-UAV dataset is illustrated as follows: (a) shows the ground truth; (b) presents the results after pruning 60% of the parameters using CNF; (c) illustrates the P2PNet model using only CNF pruning; (d) demonstrates the complete P2P-CNF method, which incorporates DAFM for enhanced feature fusion. 
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Figure 11. In the visualization of the URC dataset, (a) represents the ground truth. The counting results for P2PNet, P2P-CNF (pruned by 60%), and P2P-CNF (pruned by 70%) are shown in (b–d), respectively. 
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Figure 12. In the heatmap visualization on the URC dataset, the original image is positioned on (a). Subsequent columns from (b–d) display the heatmap results for P2PNet, followed by P2P-CNF (pruned by 60%) and P2P-CNF (pruned by 70%). 
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Figure 13. Visualization of the results on the WED dataset (a). (b) shows the counting result of P2PNet along with its heatmap visualization, while (c) presents the visualization result of P2P-CNF (60% pruned). 
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Figure 14. The visualization of the MTC dataset includes the ground-truth on the (a). From (b–f), the subsequent images display the counting effect maps of P2P-CNF with varying column ratio parameters, culminating with the counting effect maps of the baseline model, P2PNet, on the (g). 
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Table 1. Software and hardware configuration for the experiment.






Table 1. Software and hardware configuration for the experiment.





	Experimental Parameter
	Experimental Environment





	Python
	3.8



	Pytorch
	2.0.1



	CUDA
	12.1



	CPU
	Intel® Core™ i7-13700KF



	GPU
	NVIDIA GeForce RTX 4090



	Operating system
	Windows 11



	learning rate
	0.0001










 





Table 2. The results of different models on the RSC-UAV dataset.






Table 2. The results of different models on the RSC-UAV dataset.





	Model
	Venue
	MAE
	RMSE
	Parmaters





	CSRnet [62]
	CVPR 2018
	6.93
	8.53
	16.26 M



	P2PNet [8]
	ICCV 2021
	2.94
	3.84
	21.57 M



	FIDTM [63]
	TMM 2022
	3.20
	4.02
	66.58 M



	RPNet [7]
	Crop J 2023
	3.78
	4.81
	20.64 M



	RiceNet [6]
	PLPH 2023
	3.71
	4.77
	20.55 M



	PET [64]
	ICCV 2023
	3.46
	4.36
	20.90 M



	P2P-CNF (60% Pruned)
	This paper
	3.12
	4.12
	7.31 M










 





Table 3. Localization experiment results on RSC-UAV dataset.






Table 3. Localization experiment results on RSC-UAV dataset.





	Model
	Venue
	Precision
	Recall
	F-Measure





	P2PNet [8]
	ICCV 2021
	95.5%
	96.1%
	95.8%



	P2P-CNF (60% Pruned)
	This paper
	95.5%
	96.0%
	95.7%



	FIDTM [63]
	TMM 2022
	94.9%
	95.5%
	95.2%



	PET [64]
	ICCV 2023
	93.8%
	94.2%
	94.0%










 





Table 4. Results of parameter pruning at different ratios on the RSC-UAV dataset.






Table 4. Results of parameter pruning at different ratios on the RSC-UAV dataset.





	Model
	MAE
	RMSE
	Parmaters





	P2PNet
	2.94
	3.84
	21.57 M



	P2P-CNF (40% Pruned)
	3.67
	4.57
	10.4 M



	P2P-CNF (50% Pruned)
	3.45
	4.59
	8.63 M



	P2P-CNF (60% Pruned)
	3.12
	4.12
	7.31 M



	P2P-CNF (70% Pruned)
	3.21
	4.42
	6.51 M



	P2P-CNF (80% Pruned)
	3.66
	4.94
	5.59 M










 





Table 5. In the ablation experiment conducted on the RSC-UAV dataset, CNF refers to the pruning method proposed in this paper. The “scale sparse rate” represents the sparsity factor, indicating the percentage of parameters pruned from the backbone network by CNF. DAFM denotes the feature fusion method introduced in this paper.
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	Baseline
	CNF
	Scale Sparse Rate
	DAFM
	MAE
	RMSE
	Parmaters





	✓
	
	
	
	2.94
	3.84
	21.57 M



	✓
	✓
	0.4
	
	5.01
	6.83
	11.68 M



	✓
	✓
	0.4
	✓
	3.67
	4.57
	10.4 M



	✓
	✓
	0.5
	
	5.19
	6.65
	9.93 M



	✓
	✓
	0.5
	✓
	3.45
	4.59
	8.63 M



	✓
	✓
	0.6
	
	4.44
	5.93
	8.58 M



	✓
	✓
	0.6
	✓
	3.12
	4.12
	7.31 M



	✓
	✓
	0.7
	
	5.33
	6.77
	7.54 M



	✓
	✓
	0.7
	✓
	3.21
	4.42
	6.51 M



	✓
	✓
	0.8
	
	6.59
	8.77
	6.93 M



	✓
	✓
	0.8
	✓
	3.66
	4.94
	5.59 M










 





Table 6. The results of different models on the URC dataset.






Table 6. The results of different models on the URC dataset.





	Model
	Venue
	MAE
	RMSE
	Parmaters





	CSRnet [62]
	CVPR 2018
	10.95
	12.12
	16.26 M



	TasselNetv2+ [44]
	Front Plant Sci 2020
	9.46
	11.44
	0.25 M



	P2PNet [8]
	ICCV 2021
	4.46
	5.88
	21.57 M



	RPNet [7]
	Crop J 2023
	5.53
	6.69
	20.64 M



	RiceNet [6]
	PLPH 2023
	5.12
	6.41
	20.55 M



	PET [64]
	ICCV 2023
	4.15
	5.19
	20.90 M



	P2P-CNF (60% Pruned)
	This paper
	5.11
	6.57
	7.31 M



	P2P-CNF (70% Pruned)
	This paper
	6.24
	7.57
	6.27 M



	P2P-CNF (80% Pruned)
	This paper
	7.03
	8.59
	5.65 M










 





Table 7. The results of different models on the WED dataset.






Table 7. The results of different models on the WED dataset.





	Model
	Venue
	MAE
	RMSE
	Parmaters





	Faster R-CNN [16]
	TPAMI 2016
	4.93
	6.52
	41.4 M



	CSRnet [62]
	CVPR 2018
	6.37
	8.35
	16.26 M



	TasselNetv2+ [44]
	Front Plant Sci 2020
	6.59
	9.01
	0.25 M



	P2PNet [8]
	ICCV 2021
	3.61
	4.97
	21.57 M



	RPNet [7]
	Crop J 2023
	3.61
	5.13
	20.64 M



	RiceNet [6]
	PLPH 2023
	4.01
	5.80
	20.55 M



	PET [64]
	ICCV 2023
	4.22
	5.29
	20.90 M



	P2P-CNF (60% Pruned)
	This paper
	3.95
	5.48
	7.05 M



	P2P-CNF (70% Pruned)
	This paper
	5.76
	7.10
	6.13 M



	P2P-CNF (80% Pruned)
	This paper
	7.65
	9.37
	5.56 M










 





Table 8. The results of different models on the MTC dataset.






Table 8. The results of different models on the MTC dataset.





	Model
	Venue
	MAE
	RMSE
	Parmaters





	Faster R-CNN [16]
	TPAMI 2016
	7.77
	9.80
	41.4 M



	CSRnet [62]
	CVPR 2018
	6.87
	8.87
	16.26 M



	TasselNetv2+ [44]
	Front Plant Sci 2020
	5.10
	8.75
	0.25 M



	P2PNet [8]
	ICCV 2021
	4.02
	5.76
	21.57 M



	RPNet [7]
	Crop J 2023
	2.94
	4.66
	20.64 M



	RiceNet [6]
	PLPH 2023
	2.99
	4.86
	20.55 M



	PET [64]
	ICCV 2023
	4.26
	5.88
	20.90 M



	P2P-CNF (40% Pruned)
	This paper
	2.95
	4.71
	10.00 M



	P2P-CNF (50% Pruned)
	This paper
	3.35
	4.54
	8.30 M



	P2P-CNF (60% Pruned)
	This paper
	2.94
	5.05
	7.00 M



	P2P-CNF (70% Pruned)
	This paper
	3.23
	4.70
	6.07 M



	P2P-CNF (80% Pruned)
	This paper
	4.02
	5.85
	5.54 M










 





Table 9. Experimental results under different scale parse rates.
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Model

	
Scale Parse Rate

	
MAE

	
RMSE

	
Parameters






	
P2P-CNF (original feature fusion)

	
0.4

	
5.01

	
6.83

	
11.68 M




	
P2P-CNF (DAFM without attention)

	
4.0

	
5.06

	
10.15 M




	
P2P-CNF (DAFM)

	
3.67

	
4.57

	
10.4 M




	
P2P-CNF (original feature fusion)

	
0.5

	
5.19

	
6.65

	
9.93 M




	
P2P-CNF (DAFM without attention)

	
4.20

	
5.48

	
8.40 M




	
P2P-CNF (DAFM)

	
3.45

	
4.59

	
8.63 M




	
P2P-CNF (original feature fusion)

	
0.6

	
4.44

	
5.93

	
8.58 M




	
P2P-CNF (DAFM without attention)

	
4.17

	
5.27

	
7.05 M




	
P2P-CNF (DAFM)

	
3.12

	
4.12

	
7.31 M




	
P2P-CNF (original feature fusion)

	
0.7

	
5.33

	
6.77

	
7.54 M




	
P2P-CNF (DAFM without attention)

	
4.25

	
5.36

	
6.0 M




	
P2P-CNF (DAFM)

	
3.21

	
4.42

	
6.51 M




	
P2P-CNF (original feature fusion)

	
0.8

	
6.59

	
8.77

	
6.93 M




	
P2P-CNF (DAFM without attention)

	
4.21

	
5.39

	
5.38 M




	
P2P-CNF (DAFM)

	
3.66

	
4.94

	
5.59 M
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