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Abstract 10 

The rapid and accurate identification of sugarcane internodes is of great significance for tasks 11 
such as field operations and precision management in the sugarcane industry, and it is also a 12 
fundamental task for the intelligence of the sugarcane industry. However, in complex field 13 
environments, traditional image processing techniques have low accuracy, efficiency, and are mainly 14 
limited to server-side processing. Meanwhile, the sugarcane industry requires a large amount of 15 
manual involvement, leading to high labor costs. In response to the aforementioned issues, this paper 16 
employed YOLOv5s as the original model algorithm, incorporated the K-means clustering algorithm, 17 
and added the CBAM attention module and VarifocalNet mechanism to the algorithm. The improved 18 
model is referred to as YOLOv5s-KCV. We implemented the YOLOv5s-KCV algorithm on Jetson TX2 19 
edge computing devices with a well-configured runtime environment, completing the design and 20 
development of a real-time sugarcane internode identification system. Through ablation experiments, 21 
comparative experiments of various mainstream visual recognition network models, and performance 22 
experiments conducted in the field, the effectiveness of the proposed improvement method and the 23 
developed real-time sugarcane internode identification system were verified. The experimental results 24 
demonstrate that the improvement method of YOLOv5s-KCV is effective, with an algorithm 25 
recognition accuracy of 89.89%, a recall rate of 89.95%, and an mAP value of 92.16%, which 26 
respectively increased by 6.66%, 5.92%, and 7.44% compared to YOLOv5s. The system underwent 27 
performance testing in various weather conditions and at different times in the field, achieving a 28 
minimum recognition accuracy of sugarcane internodes of 93.5%. Therefore, the developed system in 29 
this paper can achieve real-time and accurate identification of sugarcane internodes in field 30 
environments, providing new insights for related work in sugarcane field industries. 31 
Keywords: Sugarcane, YOLOv5, real-time detection, edge computing device, computer vision 32 
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1. Introduction 36 

China, as one of the world's major sugarcane producers, is heavily reliant on sugarcane for 37 

its national economy, serving as a fundamental raw material for sugar and fuel production. 38 

Sugarcane also holds significant medicinal value. However, field operations in sugarcane 39 

cultivation still heavily rely on manual labor. Currently, only land cultivation and transportation 40 

in the sugarcane industry have been mechanized, while other tasks such as sugarcane yield 41 

measurement still require significant manual involvement. This labor-intensive approach results 42 

in issues such as high labor intensity, inflated labor costs, and low efficiency. Real-time and 43 

accurate identification of sugarcane internodes is crucial for the automation and efficiency 44 

enhancement of sugarcane production and serves as the foundation for sugarcane yield visual 45 

measurement. With the advancement of computer technology, an increasing number of computer 46 

applications are being integrated into the agricultural sector. 47 

Currently, the identification of sugarcane features relies mainly on image processing 48 

techniques, which not only have low efficiency but also demand specific working environments. 49 

Moshashai et al. [4] conducted preliminary research and utilized grayscale image threshold 50 

segmentation to identify sugarcane internodes, laying the initial practical foundation for using 51 

image processing techniques in sugarcane internode identification. Shangping Lu et al. [5] 52 

explored machine vision methods for extracting and identifying sugarcane internode features. 53 

They utilized threshold segmentation on the S/H components of sugarcane images in the HSV 54 

color space to generate composite images, integrated the feature indicators of these composite 55 

images, and then employed support vector machine classification to identify internodes and 56 

internode blocks. Additionally, they applied clustering analysis to identify sugarcane internodes 57 

against a monochrome background. Yanmei Meng et al. [6] proposed a sugarcane node 58 



 

identification algorithm based on multi-threshold and multi-scale wavelet transforms, although 59 

this algorithm requires prior removal of sugarcane leaves before internode identification. Jiqing 60 

Chen et al. [7] initially converted collected sugarcane RGB images into HSV color images, 61 

established vertical projection functions for regions of interest, determined the minimum value 62 

points of these functions, and preliminarily located sugarcane nodes based on the obtained 63 

minimum points. Rui Yang et al. [8] proposed a method capable of identifying multiple internodes 64 

in a segment of sugarcane by utilizing image stitching and the Sobel operator to obtain gradient 65 

images and subsequently identify sugarcane nodes. 66 

The aforementioned referenced studies are all based on traditional image processing 67 

techniques, which rely on the reflection of certain lighting and surface characteristics to identify 68 

object contours and subsequently extract target features. Moreover, these methods were conducted 69 

in relatively simple working environments. Real-time identification of sugarcane internodes in 70 

complex and dense background environments poses certain challenges. Nonetheless, these 71 

research methods provide foundational theories for feature recognition, including sugarcane 72 

internodes. 73 

With the rapid development of the field of deep learning, visual recognition technology has 74 

been widely applied in various domains of life. In the agricultural sector, applications such as 75 

maturity detection [9], fruit selection [10], [11] and crop harvesting [12], [13] have already begun. 76 

These studies provide valuable references for the application of deep learning convolutional neural 77 

network algorithms in agriculture. TIAN et al. [14] proposed an improved version of the You Only 78 

Look Once v3 (YOLOv3) model for detecting apples of different maturities under various lighting 79 

conditions, complex backgrounds, and occlusions. Parvathi S et al. [15] used the deep learning-80 

based neural network model Faster R-CNN to identify and select coconuts. Dihua Wu et al. [16] 81 



 

discussed and compared the recognition accuracy of field apple blossoms using the YOLOv4 and 82 

YOLOv3 algorithms. Deep learning represents a novel and efficient method for intelligent 83 

sugarcane cultivation. Preeti Saini et al. [17] proposed a novel hybrid method based on CNN-Bi-84 

LSTM_CYP deep learning for predicting sugarcane crop yield, but this method is only capable of 85 

measuring yield using current data images. Srivastava S et al. [18] proposed a novel network 86 

framework based on VGG and Inception for identifying sugarcane diseases and pests. Da Wang 87 

et al. [19] employed the YOLOv5 network model to identify sugarcane internodes and designed a 88 

pre-cutting system for sugarcane varieties based on visual recognition technology, enabling cutting 89 

of different types of sugarcane. The aforementioned studies indicate that deep learning network 90 

models can provide new insights for sugarcane-related agricultural work. 91 

The recognition of features in complex field environments can have a negative impact, with 92 

common factors affecting the accuracy of fruit detection including crop overlap, interference from 93 

plant structures, and lighting conditions. Therefore, the key to addressing these issues is to enhance 94 

the performance of crop detection algorithms. This paper addresses the drawbacks of low 95 

efficiency, high manual involvement, and labor costs faced by current sugarcane industry-related 96 

work by designing a real-time sugarcane internode identification system based on an improved 97 

YOLOv5 network model algorithm. This system is capable of identifying sugarcane internodes in 98 

any field environment and simultaneously obtaining a large amount of sugarcane internode 99 

information, greatly improving work efficiency while laying the groundwork for intelligent 100 

operations in sugarcane fields. 101 

 102 

 103 

 104 



 

2. Materials and Methods 105 

2.1. Dataset Preparation 106 

The sugarcane plants growing in natural environments are often affected by various 107 

factors such as partial obstruction by sugarcane leaves and different degrees of tilting, posing 108 

higher demands for the comprehensiveness and diversity of data collection. The images in the 109 

dataset should ideally encompass various natural weather conditions, including both cloudy and 110 

sunny conditions. Furthermore, data augmentation techniques such as rotation, noise addition, 111 

and cropping should be employed to expand the dataset, thereby enhancing the robustness and 112 

recognition accuracy of the trained model [20]. 113 

The data collected for this experiment were obtained from sugarcane fields in Zhanjiang 114 

and Leizhou cities, Guangdong Province, China. Image acquisition methods included handheld 115 

and tripod-mounted ZED brand cameras, with an image resolution of 512×512 pixels. A total of 116 

1066 images were captured during two sessions (April 2022 and January 2023). Since sugarcane 117 

mostly grows in outdoor natural environments, the data collection process should 118 

comprehensively consider the impact of natural environmental conditions. Factors such as 119 

shooting time, angle, presence of sugarcane leaves, and shooting distance were considered as 120 

classification features for image acquisition. Fig. 1 illustrates three scenarios of internode 121 

obstruction: (a) where internodes are mostly exposed without obstruction by sugarcane leaves or 122 

other sugarcane plants, (b) where some internodes are partially obstructed by sugarcane leaves, 123 

and (c) where almost all internodes are obstructed by sugarcane leaves. To enable the recognition 124 

algorithm to learn from various objective scenes, images from these three scenarios were 125 

provided to the algorithm for learning. Additionally, to enhance the learning effectiveness and 126 

robustness of the model, lighting conditions were also taken into account, including front, side, 127 



 

and back lighting. Different lighting conditions were simulated by adjusting the camera's 128 

shooting angle to obtain sugarcane photos in different light directions, including with, 129 

perpendicular to, and against the direction of light propagation, mimicking front, side, and back 130 

lighting, respectively. Furthermore, images were collected depicting individual sugarcane 131 

internodes, single sugarcane stalks, tilted dense clusters of sugarcane stalks, and multiple 132 

sugarcane stalks within the camera's field of view, covering various recognition target states as 133 

shown in Fig. 2.  134 

 135 

Fig. 1 Schematic representation of sugarcane node obstruction at different levels 136 

 137 

Fig. 2 Schematic representation of sugarcane photography at various angles 138 

During dataset acquisition, it was not possible to guarantee that all images could be used. 139 

Therefore, to enhance the robustness and detection accuracy of the model, we selected clear and 140 

usable images before annotating image features. Images that were blurry due to lack of focus or 141 



 

unusable for various other reasons were excluded, deliberately retaining those with a significant 142 

number of sugarcane plants under various lighting and background conditions. This approach 143 

facilitated better learning and understanding of the detailed features of sugarcane internodes 144 

during the model training process, thus improving its recognition accuracy. After selection, we 145 

ultimately obtained 976 high-quality images. Additionally, to enhance the robustness of model 146 

training and network generalization, we used web crawling technology to collect an additional 147 

180 sugarcane images, resulting in a total of 1156 original experimental images. 148 

 149 

2.2. Annotation of Dataset Features 150 

The sugarcane image dataset was manually labeled using the LabelImg software, with 151 

each image being annotated with bounding boxes. The label name assigned was "jingjie," and the 152 

labeling information was stored in text files in a format recognizable by YOLO. Fig. 3 illustrates 153 

the interface used for annotating sugarcane internodes, with the labeled bounding boxes aimed at 154 

facilitating the rapid identification of internode features during training and learning processes. 155 

Following the organization of experimental data, the entire dataset was fully annotated to ensure 156 

an adequate learning volume while preventing overfitting of the neural network during training. 157 

The LabelImg image annotation tool was used to annotate sugarcane internode features in all 158 

experimental data, resulting in a total of 11,106 annotated features. 159 



 

 160 

Fig. 3 Schematic representation of dataset annotation 161 

 162 

2.3. Image Augmentation in the Dataset 163 

To avoid overfitting, increase the volume of training data, enhance model generalization, 164 

and address sample imbalances, we performed small-scale and effective data augmentation [21], 165 

[22] on the existing dataset. The main augmentation techniques included random rotation, noise 166 

addition, and random cropping, primarily to address the uncertainty of sugarcane plant growth 167 

under natural conditions. Fig. 4 demonstrates the effect of image augmentation, with the 168 

expanded dataset containing a greater variety of sugarcane states and morphologies, aiming to 169 

consider the operational environment in actual sugarcane fields as much as possible and to 170 

include a greater number of sugarcane internodes in the images. In this study, Imgaug [23] was 171 

employed as the code tool for data augmentation. Imgaug is an open-source Python package 172 

suitable for various augmentation techniques, providing simplicity, convenience, and efficiency. 173 

The final experimental dataset comprised 2056 images, containing 26,768 internode 174 

features. All experimental data were divided into training, validation, and test sets in a ratio of 175 

7:2:1, with the data volumes for each dataset shown in Table 1. 176 



 

 177 

Fig. 4 Schematic Representation of Data Augmentation Effects 178 

Table 1 Dataset and Corresponding Quantities 179 

Dataset Training Validation Test Total 

Image 1440 411 205 2056 

Label 18738 6692 1338 26768 

 180 

2.4. YOLOv5 181 

YOLOv5, proposed by Glen Jocher et al. in 2020, is a single-stage object detection 182 

algorithm that has been widely applied across various industries [24]. Building upon the 183 

YOLOv4 network model [25], YOLOv5 introduces several new improvements, offering smaller 184 

storage footprint, higher precision, and faster execution speed. It presents stronger advantages in 185 

the rapid deployment of network models, greatly facilitating the deployment of algorithms onto 186 

edge computing devices. YOLOv5 consists of four versions: YOLOv5s, YOLOv5m, YOLOv5l, 187 

and YOLOv5x, each catering to different computational demands, ranging from simple to 188 

complex calculations. As the computational complexity increases, so does the model's volume 189 

and precision. 190 

The YOLOv5 network model algorithm primarily comprises four parts: the input end, 191 

backbone, neck, and head. The backbone is responsible for extracting target features and passing 192 

them to the neck for further processing. The neck structure utilizes Feature Pyramid Network 193 

(FPN) and Path Aggregation Network (PAN) to enhance target features through forward and 194 

backward fusion [26]. The head generates anchor boxes to identify features enhanced by the 195 



 

neck and determine feature categories [27]. Considering the need for real-time detection of 196 

sugarcane internodes on edge computing devices, this study adopts YOLOv5s as the network 197 

baseline model, whose structure is illustrated in Fig. 5. 198 

 199 

Fig. 5 Schematic Representation of YOLOv5 Network Architecture 200 

 201 

2.5 Improvements to YOLOv5s 202 

Although this study focused solely on the identification of sugarcane internodes, the 203 

objective was to transplant the model onto edge computing devices and perform real-time 204 

detection of sugarcane internodes in complex field environments. In order to enhance the 205 

operational performance of the model, the following improvements were made to the YOLOv5s 206 

network model: 207 

 208 

2.5.1 K-means Clustering Algorithm 209 

The K-means clustering algorithm [28] divided all data samples into K clusters based on 210 

the distances between samples, aiming to ensure that the points within each cluster were as close 211 



 

as possible while maximizing the distances between clusters. After assigning all samples to their 212 

respective clusters, a new round of distance calculation was conducted. This iterative process 213 

continued until certain specified conditions were met. To expedite convergence and stability 214 

within clusters, efforts were made to maintain the centers unchanged during the sample selection 215 

process. The objective function formula of the K-means clustering algorithm is shown in 216 

Equation (1), where i represents the number of cluster sets, K denotes the cluster centers, and N 217 

indicates the number of samples contained in the cluster. 218 
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After annotating the sugarcane stem features in the images using the Labelimg tool, 219 

corresponding txt files were generated. These files recorded the positional information of all 220 

features in the original images, including the coordinates of the top-left corner of the annotation 221 

box (x, y), as well as the width (w) and height (h) of the annotation box, following the format 222 

shown in Equation (2). The K-means clustering algorithm was then employed to calculate the 223 

heights and widths of as many anchor boxes as possible. Subsequently, the intersection over 224 

union (IOU) between each anchor box and each labeled box was computed, and the maximum 225 

IOU was selected through comprehensive evaluation. This iterative calculation process 226 

continued until the dimensions of the anchor boxes best suited for the sugarcane stem features 227 

were determined. The calculation formulas are depicted in Equations (3) and (4), where w 228 

represents the width of the anchor box during each calculation, h represents the height of the 229 

anchor box during each calculation, W denotes the computed width of the anchor box, and H 230 

denotes the computed height of the anchor box. 231 

<object-class><x><y><width><height> (2) 
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In sugarcane fields, issues such as complex environmental conditions, significant mutual 232 

plant occlusion, and small sugarcane stem features presented certain difficulties in identifying 233 

sugarcane stems. The default sizes of anchor boxes in the YOLOv5 network model are 234 

determined based on features from the COCO dataset, which are not suitable for sugarcane 235 

stems. Moreover, the sizes of stem anchor boxes are mostly very similar and follow a certain 236 

pattern of data values. Therefore, recalculating the sizes of anchor boxes suitable for sugarcane 237 

stems using the K-means clustering algorithm is deemed meaningful. 238 

 239 

2.5.2. CBAM Attention Module 240 

To enhance the accuracy of small object detection, the CBAM module was introduced 241 

into the backbone network [29], [30]. Comprising Channel Attention Module (CAM) and Spatial 242 

Attention Module (SAM), the CBAM module processes feature maps transmitted to the neural 243 

network. Successively passing through the CAM and SAM, the newly acquired attention feature 244 

maps optimize the initial input feature maps. The fusion of these two attention modules not only 245 

simplifies the model structure but also reduces computational pressure. In this study, the CBAM 246 

attention module was incorporated into the YOLOv5s network architecture, effectively 247 

increasing the weight of small objects across the entire feature map for easier network learning. 248 

The flowchart of the CBAM algorithm is illustrated in Fig. 6. 249 

 250 



 

 251 

Fig. 6 Structural Diagram of the CBAM Attention Mechanism Module 252 

The Channel Attention Mechanism: The input feature map undergoes successive 253 

processing through max-pooling and average-pooling layers, resulting in the compression of 254 

feature map dimensions. The compressed feature map, after passing through the Share MPL 255 

module, reduces the channel count to only 1% of the original, which is then expanded back to the 256 

original number of channels. After applying the ReLU activation function, two activated results 257 

are obtained. These two output results are combined element-wise, and after being processed 258 

through the sigmoid activation function, a weight value is obtained. This weight value is then 259 

merged with the original feature map, serving as the input to SAM. The input content is defined 260 

as Mc(F) value, as detailed in Equation (5). 261 

Spatial Attention Mechanism: For the input feature layer, the maximum and average 262 

values are taken on each channel at every feature point. These values are then combined, and 263 

after adjusting the convolutional channel count and processing the fusion result with the sigmoid 264 

activation function, the weight value of each feature point in the input feature layer (ranging 265 

from 0 to 1) is obtained. Multiplying this weight value by the original input feature layer yields 266 

the Ms(F) value, as expressed in Equation (6). Here, F represents the input feature map, c 267 

denotes the number of neurons, W0 and W1 represent the feature dimensions of the MLP, and σ 268 

represents the sigmoid function. 269 
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The dataset utilized in this study primarily consisted of images directly captured from the 270 

field, resulting in an intertwining layout of sugarcane plants. Moreover, due to the small size of 271 

sugarcane stem features, they were challenging to identify. Therefore, the CBAM attention 272 

module enhanced the network model's focus on identifying sugarcane stem joints, further 273 

ensuring the reliability and accuracy of this system for field application. 274 

 275 

2.5.3. VarifocalNet Mechanism 276 

In determining the accuracy of target feature recognition and the precision of their 277 

positioning, the common practice involves using Intersection over Union-based Classification 278 

Score (IACS) [31]. Depending on the value of IACS, adjustments can be effectively made to 279 

refine the object detection results. The Varifocal Loss focuses the detector on a sparse set of 280 

challenging instances and predicts IACS on the dense feature detector obtained after training. It 281 

combines star bounding box feature representations to estimate IACS and improve rough 282 

bounding boxes. Additionally, a novel efficient star-shaped bounding box feature representation 283 

was devised for estimating IACS and enhancing rough bounding boxes. By integrating these two 284 

new modules and the bounding box optimization branch, while eliminating redundant network 285 

data, a new object detector named VarifocalNet [32] was constructed, with its loss function VFL 286 

formula presented in (7). Here, α represents sample evaluation weights, γ denotes sample 287 

adjustment parameters, p signifies the perceptual classification score, and q denotes the detected 288 

target IOU score. 289 
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− −                            
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VFL p q
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In the dataset of sugarcane nodes, dense overlapping of sugarcane nodes made it difficult 290 

to be recognized. Therefore, the VarifocalNet mechanism was introduced to enhance the 291 

recognition of fine and dense sugarcane node features by the network model. 292 

In summary, we named the improved model as YOLOv5s-KCV, which clearly indicates 293 

the locations of the CBAM attention module and VarifocalNet mechanism within the network 294 

model, marked with red boxes. Its structure is shown in Fig. 7. 295 

 296 

Fig. 7 Schematic Representation of YOLOv5s-KCV Structure 297 

 298 

2.6. Model Training 299 

2.6.1. Training Platform and Parameter Settings 300 

The operating system of the training platform is Windows 10, with an Intel(R) Core(TM) 301 

i5-7500CPU processor and 16GB of RAM. It is equipped with an NVIDIA GeForce GTX 1060 302 

3GB graphics card. CUDA 10.0 and Cudnn7.4.1 are used, along with convenient and efficient 303 



 

libraries such as PyTorch and OpenCV, running on the PyCharm compiler. PyCharm serves as 304 

the program editor, while PyTorch serves as the deep learning framework. 305 

To achieve rapid detection of sugarcane nodes, we first pretrained the model weights of 306 

YOLOv5s on the COCO dataset and made appropriate adjustments to the network model size 307 

and depth. The key parameters set during training are as follows: batch size of 4, epoch value of 308 

300, learning rate of 0.001, and categories value of 1. 309 

 310 

2.6.2. Evaluation Metrics 311 

The dataset contained approximately 26,768 targets of uneven sizes distributed across 312 

various locations in all images. The dataset essentially covered all scenarios and positions of 313 

nodes in sugarcane fields, which positively contributed to improving model training 314 

effectiveness and recognition accuracy. Precision, recall, and mean Average Precision (mAP) 315 

were utilized in this study to measure the detection performance of the model [33]. The inference 316 

time per single image (ms/pic) was employed to gauge the detection speed of the model [34]. 317 

Precision serves as a performance metric for classification models, representing the proportion of 318 

samples correctly predicted by the model to the total number of samples. Recall, another 319 

performance metric for classification models, signifies the ratio of successfully detected positive 320 

class samples to the total number of positive class samples. mAP is used to evaluate the 321 

performance of object detection models, particularly in multi-class object detection, measuring 322 

the model's accuracy across different categories while considering class imbalances. The 323 

formulas defining these metrics are presented in equations (9)-(11), where P denotes precision 324 

(%), R represents recall (%), mAP signifies the average accuracy (%), C denotes the number of 325 

categories needing identification in the sample, TP indicates the number of positive class 326 



 

samples successfully identified by the model, FP represents the number of negative class 327 

samples incorrectly identified as positive by the model, and FN represents the number of positive 328 

class samples not correctly identified by the model. 329 
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2.7. Real time detection system for sugarcane stem nodes 330 

To enable the improved network model to operate in the field, we designed and 331 

developed a real-time sugarcane node detection system [35]. The sugarcane node real-time 332 

detection system designed in this paper is based on the Jetson TX2 edge computing device. The 333 

platform of this system can be powered by a portable mobile power supply, meeting the 334 

requirements for simplicity and portability of field operation equipment. This system can be 335 

deployed and operated in sugarcane fields, allowing for the rapid acquisition of a large number 336 

of sugarcane plant images and the quick identification of sugarcane nodes. This reduces manual 337 

labor and significantly improves work efficiency. Table 2 shows the basic configuration of the 338 

Jetson TX2 platform, which supports multiple processors to accelerate the computation speed of 339 

neural network models. The YOLOv5s-KCV model is deployed on the Jetson TX2 as the core 340 

algorithm support. Fig. 8 illustrates a working example of the system, while the overall workflow 341 

of this paper is clearly presented in the form of a flowchart, as shown in Fig. 9. 342 

 343 

 344 

 345 



 

Table 2 Basic Configuration of Jetson TX2 Platform. 346 

Hardware Configure Environment Version 
System Ubuntu18.04 CUDA 10.2 

GPU 
NVIDIA Pascal 

Architecture 
256×CUDA Core 

Cudnn 7.6.2 

CPU 
64×Denver 2 CPU 

64×ARM Cortex-A57 CPU 
Pytorch 1.6.0 

RAM GB LPDDR4 RAM JetPack 4.5 
Hard disk 32GB eMMC Cudatoolkit 10.8.2 

 347 

 348 

Fig. 8 Real-Time Sugarcane Nodes Detection System Example. 349 

 350 

 351 

 Fig. 9 Workflow diagram in this paper 352 

 353 

 354 



 

3. Results and Analysis 355 

3.1. Ablation Experiments 356 

The ablation experiments conducted on the experimental platform mentioned in section 357 

2.6.1 demonstrated the effectiveness of the proposed method for sugarcane node recognition. 358 

Detailed experimental results are presented in Table 3. YOLOv5s-KCV achieved a precision of 359 

89.89%, recall of 89.95%, and mAP of 92.16% for sugarcane node recognition, outperforming 360 

all other experimental methods. By replacing SE and ECA with CBAM on the basis of 361 

YOLOv5s-KCV, the experimental results showed that the CBAM attention module had a better 362 

effect on sugarcane node recognition. It can be observed from the experimental results that the 363 

addition of the CBAM attention module led to improvements in all metrics, demonstrating its 364 

effectiveness in recognizing dense features. Although the detection speed of YOLOv5s-KCV per 365 

image was 23ms, slightly slower than YOLOv5s+k-means, there was a significant improvement 366 

in sugarcane node detection. 367 

Our experimental results indicate that the addition of K-means, CBAM, and VarifocalNet 368 

can indeed improve the performance of the YOLOv5 model. However, we need comparative 369 

experiments on network models to further analyze the impact of these improvements on the 370 

model and ensure that they can generate practical benefits in real-world applications. 371 

 372 

 373 

 374 

 375 

 376 

 377 



 

Table 3 Comparison of Experimental Results among Different Models. 378 

Method Precision(%) 
Recall(%) mAP(%) Detection Speed 

(ms/pic) 
YOLOv5s 83.23 84.03 84.72 25 

YOLOv5s+k-means 85.66 86.06 85.68 22 
YOLOv5s+CBAM 84.69 85.27 85.46 23 

YOLOv5s+VarifocalNet 84.07 84.79 84.94 23 
YOLOv5s+k-means+CBAM 87.16 87.64 89.67 23 

YOLOv5s+k-means+VarifocalNet 86.71 86.52 89.06 22 
YOLOv5s+CBAM+VarifocalNet 87.24 87.44 90.22 24 

YOLOv5s+SE+VarifocalNet+k-means 83.55. 83.23 83.46 24 
YOLOv5s+ECA+VarifocalNet+k-means 84.16 84.20 84.46 23 

YOLOv5s-KCV 89.89 89.95 92.16 23 

 379 

3.2. Comparative Analysis of Various Network Models 380 

To further validate the effectiveness of the improvements proposed in this study, we 381 

conducted comparative experiments between YOLOv5s-KCV and mainstream visual recognition 382 

network models including VGG19, YOLOv4, YOLOv5s, and the newer version YOLOv7. The 383 

experimental results are presented in Table 4 YOLOv5s-KCV showed performance 384 

improvements of 5.22%, 5.96%, and 7.2% in various metrics compared to YOLOv7, which 385 

exhibited the best performance among the other models. The inference time per image increased 386 

by 28ms/pic. In terms of detection speed performance, the ranking from fastest to slowest is 387 

YOLOv5s-KCV, YOLOv4, YOLOv5s, YOLOv7, VGG19. Although YOLOv4 had the same 388 

single-image detection time as YOLOv5s-KCV, its detection performance was relatively poor, 389 

with an mAP of only 84.64%. This makes it unsuitable for real-time detection of sugarcane 390 

nodes in the field, making YOLOv5s-KCV the preferred model in this experiment. The 391 

experimental results further demonstrate that the improvement methods proposed in this study 392 

have a positive effect on the accuracy of sugarcane node feature recognition and detection speed 393 

in YOLOv5s. Fig. 10 provides a more intuitive comparison of performance among different 394 

models. 395 



 

Fig. 11 presents a comparison of the detection results of each model algorithm on the 396 

same image. In the image, we marked the nodes that were not detected with red, and those 397 

features that were incorrectly detected as nodes with green, and labeled each detection with a 398 

number. VGG19 failed to detect nodes marked 1 and 2 in the image; YOLOv4 incorrectly 399 

identified other features as nodes at position 3 and missed detecting the node at position 4; 400 

YOLOv5s yielded consistent results with YOLOv4. YOLOv7 did not misidentify other features 401 

as nodes but missed detecting the node at position 7. YOLOv5s-KCV successfully detected all 402 

nodes in the image and did not misidentify other features as nodes. Fig. 12 illustrates the 403 

detection results before and after model improvements. The experimental results confirm the 404 

effectiveness of the improvement approach proposed in this study. 405 

Table 4 Comparative Experimental Results of Different Models. 406 

 407 

 408 

Fig. 10 Performance Comparison of Different Models 409 

Model Precision(%) 
Recall(%) mAP(%) Detection Speed 

(ms/pic) 
VGG19 82.84 83.66 84.27 98 

YOLOv4 82.89 84.89 84.64 22 
YOLOv5s 83.23 84.03 84.72 25 
YOLOv7 84.67 83.99 84.96 50 

YOLOv5s-KCV 89.89 89.95 92.16 22 



 

 410 

Fig. 11 Comparative Detection Results Among Different Models 411 

 412 

 413 



 

Fig. 12 Comparative Detection Results Before and After Model Improvement 414 

 415 

3.3. Sugarcane Nodes Real-Time Detection System 416 

3.3.1. Field Experiment of the Real-Time Sugarcane Nodes Detection System 417 

To ensure that the system can perform effectively in complex field environments, field 418 

experiments were conducted in sugarcane fields in Qujie Town, Xuwenzhen County, Zhanjiang 419 

City, Guangdong Province, China, as depicted in Fig. 13. 420 

To compare the accuracy of the system's operation, we randomly selected plants from 421 

different areas of the experimental field and manually counted the number of nodes in each 422 

selected area. We then compared these manually counted node numbers with the system's 423 

recognized node numbers to determine the reliability of the system's operation. 424 

We manually counted the number of sugarcane nodes in the selected samples and 425 

conducted recognition experiments on the selected samples using the system. To minimize the 426 

impact of errors on the test results, samples were taken from different plants in different areas, 427 

and sugarcane nodes were consecutively detected. Subsequently, both manual and system 428 

recognition accuracy were evaluated and statistically assessed. Details of the sampling statistics, 429 

manual confirmation, and system recognition accuracy are presented in Table 5. 430 

 431 



 

Fig. 13 Example of Sugarcane Field 432 

 433 

Table 5 Sampling Statistics and Comparative Experiments between Manual and System 434 

Recognition. 435 

Area Plants Stem Nodes by Artificial Target by System Stem Node by System 

1 20 360 349 347 

2 25 475 452 449 

3 19 342 335 334 

4 21 399 389 386 

5 28 448 426 423 

 436 

Based on the analysis of the experimental results, the system demonstrates a recognition 437 

accuracy and recall rate for sugarcane nodes of over 94%, indicating high reliability and meeting 438 

the demands of field agricultural work. 439 

Furthermore, to further demonstrate the stability of the system in field operations, 440 

stability tests were conducted under different environmental conditions to identify sugarcane 441 

nodes. A range of target samples comprising 20 plants with a total of 355 nodes was selected. 442 

The experiments were conducted in varying weather conditions, including overcast and sunny 443 

weather during the morning, noon, and evening. The experimental interface of the system is 444 

shown in Fig. 14, and detailed experimental results are presented in Fig. 15. Analysis of the 445 

experimental results reveals that the system's overall performance in sunny conditions surpasses 446 

that in overcast conditions, with the best performance observed during sunny noon hours. 447 

Relatively poorer performance is noted in overcast conditions during the evening; however, the 448 

detection accuracy still reaches 93.5%, fully meeting the system's field operational requirements. 449 

The experiments confirm the effectiveness and feasibility of the system's algorithms, 450 

demonstrating its ability to operate in various environments and conditions in sugarcane fields. 451 



 

Moreover, the system's accuracy and performance in field operations meet the basic 452 

requirements for such operations. 453 

 454 

Fig. 14 System Interface Example 455 

 456 

Fig. 15 Experimental Results of System Stability Testing 457 

3.3.2. Summary 458 

 The recommended methodology for this system includes the following steps: 459 

1. Randomly select the sugarcane field area to be identified. 460 

2. Assemble and set up the system according to the configuration shown in Fig. 8. 461 

3. Capture photos or videos using the system, and leverage the improvements made 462 

to YOLOv5s as described in Section 2.5 of this article to enhance the identification of 463 

sugarcane nodes in complex field environments. 464 



 

4. Visualize and display the identification results of sugarcane nodes on a portable 465 

display screen. 466 

5. Based on the identification results of sugarcane nodes, perform tasks such as yield 467 

estimation or harvesting. 468 

 

4. Advantages and limitations 469 

         The proposed YOLOv5s-KCV significantly improved the detection performance of the 470 

neural network model. YOLOv5s-KCV's advantages lie in: (1) Sugarcane nodes, 471 

characterized by small and dense features, underwent targeted improvements for accurate 472 

identification, resulting in a 6.66% increase in recognition accuracy. Ablation experiments 473 

(Table S2) and comparative experiments with other models (Table S3) demonstrated that 474 

YOLOv5s-KCV performed exceptionally well in ters of recognition accuracy and speed. (2) 475 

YOLOv5s-KCV had a small memory footprint and ran fast, enabling successful deployment 476 

on Jetson TX2. Feasibility experiments conducted in the field validated the practical usability 477 

of the system. Although many studies have made excellent algorithmic improvements, no 478 

actual field experiments were conducted. For example, Xu et al. [36] made significant 479 

improvements to the YOLO algorithm but did not test the improved model's field performance. 480 

Although YOLOv5s-KCV could be deployed on Jetson TX2 and demonstrated advantages in 481 

terms of small size, fast operation, and high precision, there is still room for improvement in 482 

future research. For instance, while the accuracy increased by 4.39% compared to YOLOv4, 483 

the processing speed remained at 22ms/pics, indicating some room for improvement in terms 484 

of operational speed [37]. Additionally, our feasibility experiments were conducted in various 485 

environments, but the model's performance was still influenced by environmental factors. For 486 

instance, in overcast nighttime conditions, the recognition accuracy of the YOLOv5s-KCV 487 



 

model dropped to its lowest [38]. 488 

 489 

5. Discussion and Conclusions 490 

This study aimed to enhance the level of intelligence in the sugarcane farming industry, 491 

particularly in operations such as sugarcane yield measurement and harvesting. We developed a 492 

real-time sugarcane node recognition system based on an improved YOLOv5 algorithm, which 493 

combines image acquisition hardware with deep learning algorithms to achieve efficient and 494 

accurate sugarcane node recognition. To address the challenges posed by the complex 495 

environment of sugarcane fields, we made improvements to the YOLOv5s algorithm. By using 496 

the K-means clustering algorithm to obtain anchor box sizes suitable for sugarcane node features, 497 

we improved training efficiency and recognition accuracy. Additionally, we introduced the 498 

CBAM attention module and Varifocalnet mechanism, enhancing the algorithm's recognition 499 

accuracy and speed for dense and small features. 500 

The results of ablation experiments demonstrate the effectiveness of the improvements 501 

made to the YOLOv5s algorithm in sugarcane node recognition, showing excellent performance. 502 

Comparative experiments with various models reveal that YOLOv5s-KCV achieved a precision 503 

rate of 89.89%, recall rate of 88.95%, and mAP of 90.16% for sugarcane node recognition. 504 

Compared to VGG19, YOLOv3, and YOLOv4, our algorithm exhibited significant advantages in 505 

all metrics. Furthermore, the inference time for a single image was as low as 22ms/pic, meeting 506 

the real-time detection requirements in the field. In tests conducted under different weather and 507 

time conditions, the system achieved a minimum sugarcane node detection accuracy of 93.5%. 508 

In conclusion, this study enables real-time detection of sugarcane nodes in the field, but 509 

further improvements are needed to enhance the operational performance of the system in field 510 



 

conditions, providing more reliable equipment for the sugarcane industry. Continuous refinement 511 

and optimization of the system are also key areas for future research. 512 
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