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一、教学研究业绩 





学位中心函〔2024〕8号

2023

华南农业大学：

2023年 12月，教育部学位与研究生教育发展中心面向

全国研究生培养单位开展主题案例征集工作，扎根中国大地，

聚焦时代热点，汇聚各方力量，开发具有时代性、引领性、

学理性、创新性的高质量案例。经过“单位审核推荐”“专

家分组评议”“案例专家委审核”三级评议审核及结果公示，

你校共有 3项选题入围，其中“大国智造”主题 2项，“区

域协调发展”主题 1项，详细清单附后。

项目将于 2024 年 7 月开展中期交流，10月启动结项验

收，具体安排另行通知。请组织并支持各首席专家团队推动

项目实施，产出高质量案例成果。

感谢对中国专业学位案例建设事业的支持！

附件：2023年度主题案例立项结果清单

教育部学位与研究生教育发展中心

2024年 3月 25日
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附件

2023
（按主题方向及首席专家姓氏笔画排序）

单位名称：华南农业大学

序号 项目编号 首席专家 主题方向 选题名称

1 ZT-231056410 胡炼 大国智造
智能农机实现无人化智慧农场的探索与实践——以广东万

绿智慧无人农场为例

2 ZT-231056407 谭成全 大国智造 高产母猪精准营养与智慧养殖

3 ZT-231056408 陈灿 区域协调发展 农业集群品牌价值共创研究——以“万绿河源”为例
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项目类别： 中国专业学位案例中心 2023 年度主题案例
项目编号： ZT-231056410
项目名称： 智能农机实现无人化智慧农场的探索与实践——以广东万

绿智慧无人农场为例
首席专家： 胡炼
团队成员： 何杰,汪沛,黄培奎,赵润茂,高锐涛

本项目经审核准予结项，特发此证。

教育部学位与研究生教育发展中心

2025 年 08 月

3



2025/10/22 10:13 打印

https://oa.scau.edu.cn/seeyon/common/print/captPrintForm.jsp?from=officePrint&busType=doc&isEdge=true&warter=false 1/2

- 1 -

华 南 农 业 大 学 文 件
华南农教〔2025〕57号

关于公布华南农业大学 2025年度校级本科
教学质量与教学改革工程项目

立项名单的通知

各学院、部处、各单位：

根据《关于开展 2025年度校级本科教学质量与教学改革工

程项目申报工作的通知》精神,经项目负责人申请、所在单位推

荐、本科生院审核、学校组织专家评审和公示(无异议）等程序，

决定立项“善境伦理学与风景园林专业实践教学深度融合的探索

与实践”等 127个项目为 2025年度校级本科教学改革项目，立

项“筑基・焕新・赋能：食品质量与安全专业‘新工科’建设暨

工程教育认证提质创新工程”等 52个项目为 2025年度校级本

科质量工程项目。具体名单见附件。

请各项目负责人按照项目建设任务及要求，及时开展各项改
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革工作；各单位要切实履行项目建设主体责任，加强对项目建设

的督促、指导，以确保项目建设任务高质量完成。

特此通知。

附件：1. 2025年度校级本科教学改革项目立项名单

2. 2025年度校级本科质量工程项目立项名单

                              华南农业大学

                             2025年 10月 14日

（联系人：孙齐胜；电  话：85288020）

公开方式：主动公开

  华南农业大学党政办公室                2025年 10月 15日印发
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23 JG2025023
聚焦机器视觉课程改革—基于产教融合、科教融汇的卓越应用型人才

培养路径探索
重点

电子工程学院（人工

智能学院）
杨意 刘金龙，马稚昱，刘勇，牟英辉

24 JG2025024 AI赋能学生论文写作的教学改革与实践——基于学生认知视角 重点 经济管理学院 石敏 贺梅英、谭莹

25 JG2025025 英国文学史课程的AI知识图谱构建及数智化教学实践研究 重点 外国语学院 李良博 吕靖、张丁元、侯金萍、袁庆锋

26 JG2025026 AI赋能《数学分析》一流课程建设的改革与实践研究 重点
数学与信息学院、软件学

院
金玲玉

金玲玉、房少梅、杨德贵、雷春林、

危苏婷

27 JG2025027
AI背景下面向农经专业本科生的《大数据 分析与挖掘》课程体系建

设与教学模式优化
重点 经济管理学院 文乐 李琴、陈有华、谭莹、伍敬文

28 JG2025028 基于大模型辅助的软件体系结构课程生成式编程教学改革与实践 重点
数学与信息学院、软件学

院
林毅申 林毅申、曹维、周运华、梁早清

29 JG2025029
《种子加工与贮藏学》“理论-实践-实习”三位一体教学的探索和实

践
重点 农学院 张亚锋 徐振江、邓婧、江院、张慧

30 JG2025030
中华优秀传统文化融入高校思政课程的路径研究——聚焦《马克思主

义基本原理》课程
重点 马克思主义学院 禹规娥 何艳玲、王竹波、蒋正峰、谢翾

31 JG2025031
新时代应用型人才培养模式创新改革与实践研究——以环境工程专业

为例
重点 资源环境学院 陈烁娜 方秋中、卫泽斌、黄柱坚、钟媛卿

32 JG2025032
产教融合视域下《家具定制技术》课程“三融四阶五维”教学模式创

新与实践
重点 材料与能源学院 郭琼 宋杰、欧荣贤、涂登云，徐宁

33 JG2025033 面向AI赋能的《机械设计基础》“1+1+1+N”混合式教学方法 重点 工程学院 王慰祖 夏红梅、甄文斌、卢家欢、程碧懿

34 JG2025034 “科研-竞赛-创新”协同融合培养智慧农业拔尖人才探索与实践 重点 工程学院 何杰 何杰，汪沛，胡炼，高锐涛，赵润茂

35 JG2025035
基于RAMP原则的“学科——安全” 化学实验双线融合教育体系构建

与实践
重点

基础实验与实践训练

中心
林碧敏 郑明轩，肖勇，刘维，刘小波

36 JG2025036
基于人工智能与虚拟仿真融合的《分子生物学》智慧课程体系建设与

教学模式改革
重点 食品学院 叶志伟 赵雷、黎攀、邹苑

37 JG2025037
产科教融合视角下茶学专业课程体系优化与实践——以《茶树栽培学

》为例
重点 园艺学院 郑鹏 孙彬妹、曹藩荣、刘少群、晏嫦妤

38 JG2025038
生成式AI驱动农林院校“新文科”教学模式创新 —《应急管理概论

》智慧课程的建设实践
重点 公共管理学院 游艳玲 刘志明、赵国洪、马启彬、张建桃

39 JG2025039

面向实践能力提升的新文科（管理学类）AI课堂：数据分析可视化的

“教-学-练-评”闭环

体系构建

重点
数学与信息学院、软件学

院
古万荣 唐德玉，余平祥，韦婷婷，毛宜军

40 JG2025040
基于“课程思政+产教融合”双驱动的茶叶审评与检验实习课程创新

实践
重点 园艺学院 孟慧 谭新东、孙彬妹、张凌云、周仁杰

41 JG2025041 基于智能网络的生物化学全英课程改革与实践 重点 生命科学学院 洪梅 朱国辉、母培强、张智胜

42 JG2025042 植物病理学课程思政教育的创新与实践 自筹 植物保护学院
司徒俊

键
孔广辉；习平根；李敏慧；姜子德

43 JG2025043 三全育人视域下的《病媒生物》思政教学探索与实践 自筹 植物保护学院 王德森 王磊、黄嘉
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二、科研项目 
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项目名称： 

委托方： 重

受托方： 华 南 农

签订时间： 

签订地点： 

有效期限： 	2024 2024 年 8 月一2024 年 12 月 

合同编号： 

技术服务合同 
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痴 
同 
r 中国建汹
于 50050 

戈端门二“ 

技术服务合同 

委托方（甲方）： 	重庆市农业科学院（盖章） 

单 位 地 址： 重庆市九龙坡区白市释镇农科大道 

法定代表人： 	 苟小红 

项 目 联系人： 	 杜 斌 

联 系 方 式： 	 15027123977 

通 讯 地 址： 重庆市九龙坡区白市骚镇农科大道 

电 	话： 	 15027123977 

传 

电 子 邮 箱： 

受托方（乙方）： 	华南农业大学 （盖章） 

单 位 地 址：  广东省广州市天河区五山路 483 号 

法定代表人： 	 薛红卫 

项 目 联系人： 	 赵润茂 

联 系 方 式： 	 13926112654  

通 讯 地 址： 	华南农业大学农业工程楼 

电 	话： 	 13926112654  

传 

电 子 邮 箱： 	 rmzhao@scau. edu. cn 

支合网
以．乙 

16



通
 

3

土
移
州
尸
 	

、
堵
 	

“
峭
｝
叫
 

洲
 

出工作事项和技术支撑需求，甲方应指定专人负责接待、联络并及时 

反馈信息； 

2．甲方对乙方所提工作事项应予以积极支持，尽量满足其需 

求，并做好相关项三的人员组织及计划安排工作； 

3．双方对合作的项目和内容，都具有保密义务，对涉及合作项 

目和领域的技术、文档、数据及相关信息等内容双方进一步商量签订 

具体保密措施。 

第四条：甲方向乙方支付技术服务报酬及支付方式为： 

1．技术服务费总额为：99000（大写：玖万玖仟元整）  

2．技术服务费由甲方二迭（一次或分期）支付乙方。 

具体支付方式和时间如下：2024 年 12 月 31 日前完成支付。  

乙方开户银行名称、地址和帐号为： 

开户银行：中国工商银行广州五山支行 

地址：广州市天河区五山路 483 号 

帐号

第五条：本合同技术服务经费由乙方按照《华南农业大学横向科 

技项目及经费管理办法》执行，甲方不得妨碍乙方正常工作。  

第六条：本合同的变更必须由双方协商一致，并以书面形式确定。  

第七条：双方确定以下列标准和方式对乙方的技术服务工作成果 

进行验收：  

1．技术服务工作成果的验收标准：①收获机能够实现路径自 

动跟踪、割台自动升降、自动卸粮，全程自动作业；②自动导航直线 

17



庆
 

甲 方 ： 重 

（盖章） 

法定代表人／委托代理人： 

业 大 学 

介已 
（签名） 

乙 

（盖章） 

法定代表人／委托代理人： 

年 月 日 

印花税票粘贴处： 

) 
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子课题编号： 2025YFD230040401  密   级：公开 

 

 

 

国家重点研发计划 

子课题任务书 
 

 

 

子 课 题 名 称： 

标准一致耕深自保持技术开发及水田旋耕起浆装

备创制 

子课题承担单位： 华南农业大学 

子课题负责人： 汪沛 

课 题 名 称： 

面向东北水田（水稻）的边缘智能技术开发及精

准作业装备创制 

课题承担单位： 华南农业大学 

项 目 名 称： 东北地区规模化粮食作物智慧农场构建技术 

项目牵头单位： 潍柴雷沃智慧农业科技股份有限公司 

执行期限： 2025 年 12 月至 2028 年 11月 

 

 

 

 

中华人民共和国科学技术部制 
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课题基本信息表 

子课题名称 标准一致耕深自保持技术开发及水田旋耕起浆装备创制 

子课题编号 2025YFD230040401 

课题名称 面向东北水田（水稻）的边缘智能技术开发及精准作业装备创制 

课题编号 2025YFD2300404 

密级 ◼公开 □秘密 □机密 单位总数 1 

课题类型  □基础前沿 □重大共性关键技术 ◼应用示范研究 □其他 

课题活动类型  □基础前沿 ◼应用研究 □试验发展 

课题研究 

所属学科 

自然科学相关工程与技术 

农业工程 

课题成果应用的主

要国民经济行业 

农、林、牧、渔业 

农业 

谷物种植 

稻谷种植 

课题的社会 

经济目标 

农林牧渔业发展 

农林牧渔业发展一般问题 

经费预算 总需求 70.00 万元，其中中央财政专项资金需求 70.00 万元 

课题周期节点 

起始时间 2025 年 12  月 结束时间 2028 年 11 月 

实施周期 共 36 个月 预计中期时间点 2027 年 6 月 

子课题 

承担 

单位 

单位名称  华南农业大学 单位法定代表人姓名 薛红卫 

单位性质 大专院校 组织机构代码 124400004554165634 

单位主管部门 广东省教育厅 隶属关系 地方 

单位所属地区 广东省 
地市（市、自治州、

盟） 
广州市 天河区 

通信地址 广东省广州市天河区五山路 483 号 邮政编码 510642 

单位开户名称 华南农业大学 

开户银行 
（全称） 

中国工商银行股份有限公司广州五山

支行 
汇入地点   广东省 广州 市 

银行账号 3602002609000310520 银行机构代码 102581000546 
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子课 

题负 

责人 

姓 名  汪沛 性 别  □男◼女 出生日期  - -  

证件类型  身份证 证件号码   

所在单位  华南农业大学 

最高学位 ◼博士  □硕士 □学士 □其他 

职 称 □正高级 ◼副高级 □中级 □初级 □其他 职务 副主任 

电子邮箱  wangpei@scau.edu.cn 移动电话   

课题 

联系 

人 

姓 名  赵润茂 电子邮箱  rmzhao@scau.edu.cn 

固定电话  020-  移动电话   

证件类型 身份证 证件号码  

课题 

财务 

负责 

人 

姓 名  肖斐 电子邮箱  37115980@qq.com 

固定电话  020-  移动电话   

证件类型  身份证 证件号码   

课题参

加人数 
 34 人。其中： 

高级职称 5 人，中级职称 0 人，初级职称 1 人，其他 24 人； 

博士学位 5 人，硕士学位 0 人，学士学位 6 人，其他 2 人。 

子课题 

简介 

(限 500 

字以内) 

以东北水稻生产全流程处方决策为基础，以“实时感知-边缘决策-精准执行”为核心技术主

线，开展标准一致耕深自保持技术研究，集成创制耕深自保持智能旋耕起浆机，重点突破旋

耕起浆深度实时感知与抗扰精准控制，解决传统规模作业模式粗放的难题。 
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九、子课题参加人员基本情况表 

填表说明： 1.专业技术职称：A、正高级  B、副高级  C、中级  D、初级  E、其他； 

2.投入本课题的全时工作时间（人月）是指在课题实施期间该人总共为课题工作的满月度工作量；累计是指课题组所有人员投入人月之和； 

3.课题固定研究人员需填写人员明细； 

4.是否有工资性收入：Y、是  N、否； 

5.人员分类代码：B、课题负责人   C、项目/课题骨干   D、其他研究人员； 

6.工作单位：填写单位全称，其中高校要具体填写到所在院系。 

序 

号 
姓名 性别 出生日期 证件类型 

证件 

号码 

专业技

术 

职称 

职务 
最高 

学位 
专业 

投入本课题的

全时工作时间 

（人月） 

人员 

分类代码 

在课题中分担

的任务 

是否有

工资性

收入 

工作单位 

1 汪沛 女 - -  身份证 
 

B 无 博士 

农业电气

化与自动

化 

18 B 课题方案实施 Y 华南农业大学 

2 赵润茂 男 - -  身份证 
 

B 无 博士 
农业机械

化 
18 C 

耕深运动模型

建立 
Y 华南农业大学 

3 陈禹琦 男 - -  身份证 
 

E 无 学生 农业工程 18 C 

耕深实时估计

算法与系统优

化改进 

N 华南农业大学 

4 孙正 男 - -  身份证 
 

E 无 硕士 农业工程 18 C 
旋耕起浆耕深

感知 
N 华南农业大学 

5 吕家驹 男 - -  身份证 
 

E 无 学士 控制工程 18 C 
旋耕起浆耕深

感知 
N 华南农业大学 

6 邓小兵 男 - -  身份证 
 

E 无 学士 农业工程 18 C 
旋耕起浆耕深

控制 
N 华南农业大学 

7 陈高隆 男 - -  身份证 
 

D 无 博士 农业工程 18 C 

自抗扰控制算

法与系统优化

改进 

Y 华南农业大学 
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合同编号： 

技术服务合同 

项目名称： 广东省益信无人化智慧农场建设技术服务 

  

委托方： 

（甲 方） 

广东省益信农业科技有限公司 

 

 

受托方：  华南农业大学 

（乙方） 

有效期限：  2025 年 1 月 1 日一2026 年 12 月 31 日 
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技术服务（委托）合同书 

甲方：  广东省益信农业科 有限公司 

住 所 地：肇庆封开县江口街道封少、卜｝二路 178 号二楼 

法定代表人：  余益耀 

项目联系人：  温超然 

联系方式： 	

通讯地址：封开县江口街道封州二路 178 号二 

电 

电子信箱： 

乙方：  华南农业大学 

住 所 地： 广州育天河区五山路 483 号 

法定代表人： 薛红卫 

项目联系人： 

联系方式： 华南农业大学农业工程 307 

通讯地址：  广少 l'}育天河区五山路 483 号 

电 	话：  13922135357 	传 	真： 	02 0-3 8676975  

电子信箱：  hooget@scau.edu.cn   

甲方委托乙方就广东省益信无人化智慧农场建设咬术服务项目

进行专项技术服务，并支付相应的技术服务报酬。各方经过平等协商， 

在真实、充分地表达各自意愿的基础上，根据《中华人民共和国民法典》 

的规定，达成如下协议，并由各方共同烙守。 

第一条：甲方委托乙方进行技术服务的内容如下： 

1．技术服务的目标：乙方协助甲方建设水稻无人化智慧农场，实现

耕种管收无人化作业以及远程管控，无人农机与属地化的智慧农业平台

互联。 

2．乙方技术服务的内容：(1）协助制定无人农场建设规划；(2) 协 
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第四条：甲方向乙方支付技术服务费用及支付方式为： 

1．技术服务费总额：  30 万元（含税）（大写：人民币叁拾万元整）。 

2．技术服务费由甲方  一次  支付乙方。 

具体支付方式和时间如下： 

(1）乙方开户银行名称、地址和账号为： 

开户银行：中国工商银行广东省分行广州市五山支行

地 址：广州育天河区五山路 483 号 

账 	号 : 3602002609000310520 

(2）支付时间：签订合同十五压内。 

(3）甲方付款前，乙方应提供合法有效的等额发票，否则甲方有 

叹拒付。 

(4）经费的支出和使用按照《华南农业大学横向科咬项目及经费

管理办法》执行。 

第五条：各方确定因履行本合同应遵守的保密义务如下： 

甲方： 

1．保密内容（包括技术信息和经营信息）：乙方提供的注明要求保 

密的技犬资料和培训资料。 

2．涉密人员范围：参加项目及培训的人员； 

3．保密期限：项目合同签订之日起五年内； 

4．泄密责任：承担因泄密造成的损失。 

乙方： 

1．保密内容（包括技术信息和经营信息）：甲方提供的技术资料以 

及在实施项目的过程中接触到的所有甲方未公开的信息； 

2．涉密人员范围：参加项目开发的人员以及与前述人员有密切接 

触有可能接触到保密信息的人员； 

3．保密期限：项巨合同签订之压起五年内； 

25



第十一条：违约责任 

乙方迟延履行本合同第二条第 3 款的“技术服务进度”中确定的各

个阶段的工作的，每个阶段每延误一天，按照技术服务费用总额的千分

之五向甲方支付违约金，各个阶段均有迟延的，前述违约金累计计算。 

第十二条：各方因履行本合同而发生的争议，应协商、调解解决。 

协商、调解不成的，确定按以下第卫一种方式处理： 

1．提交一矍庆一仲裁委员会仲裁； 

2．依法向人民法院起诉。 

第十三条：各方确定：本合同及相关附件中所涉及的有关名词和技

术术语，其定义和解释如下： 

1．一一工一 

第十四条：本合同一式 匹 份，具有同等法律效力。 

第十五条：本合同经各方签字盖章后生效。 

法定代表人／委托代理人： 又一合同专用草斌 ) 

乡Q1找一 年 

（以下无正文） 

\\ JJL…JJ_;J: ；。。《、。、、澎  (1. 

月 V》日 

：、、、澎i柔 
法定代表人产零托代理入乍章夕 

(：、）芍省‘己 
》达 年！ 月哆日 
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技术服务合同 

项目名称：2025 年水稻智慧化生产技术指导及试验

示范项目 

委托方：广西壮族自治区农业机械化服务中心 

（甲方） 

受托方：华南农业大学 

（乙方） 
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委托方（甲方）：广西壮族自治区农业机械化服务中心 

住所地：南宁市青秀区思贤路 59 号 

法定代表人：李凤云 

项目联系人：黄严 

联系方式：

通讯地址：南宁市青秀区思贤路 59 号 

电子邮箱：kejtgb@njfwzx. gxzf. gov. cn 

受托方（乙方）：华南农业大学 

住所地：广东省广州市天河区五山路 483 号 

法定代表人：薛红卫 

项目联系人：汪沛 

联系方式：13802997009 

通讯地址：广少、卜｝市天河区华南农业大学农业工程楼 307 

电子邮箱：wangpei@scau. edu. cn 
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洲泌
讹
、
司
声
 

福 

乙方应在合同期限届满前 20 个工作日（即 12 月 4 日前）出

具技术服务成果，并提交甲方评估验收。  

3．技术服务次数：乙方提供的技术服务次数根据甲方需

求而定，但每年现场服务次数不少于 3 次。  

4．技术服务质量要求：应甲方需求及时解决水稻智慧化

生产技术过程中出现的农业智能装备相关技术难题，并总结

出一套切实可行的可复制、可推广的广西水稻智慧化生产技 

术规范。 

5．技术服务期限要求：在约定技术服务进度期限内完成 

约定的技术服务内容。  

第三条：为保证技术服务工作顺利进行，甲乙双方应提 

供下列工作条件和协作事项： 

1．甲方提供技术资料及工作条件： 

(1）制定水稻智慧农场项目建设实施方案； 

(2）配合乙方在港北区水稻智慧农场开展相关技术试验 

示范的落实、检查和指导等工作。  

2．乙方提供技术资料及工作条件： 

广西水稻智慧化生产技术总结、技术规范等相应支撑材 

土生卫－ 

3．双方确定，服务过程中产生的技术服务成果，其知识 

产权归甲方所有。 

第四条：甲方向乙方支付技术服务工作经费、支付方式 

为 : 

1．服务费总额为：壹拾伍万元整（￥150, 000 元）。该费 

一 2- 
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以下无正文，仅签字盖章页。 

荟乙 
乙方：｛了只之 	‘气 	 （盖草） （盖章） 

伽万年分月子日 

甲方：广西壮族自治区农业机械

法定代表人／委托代理人：洲卜，，叫 

印气球年，月。。 

、心毕 

「「「「 A/「E「「A : 	

衣气‘1 「 	 (「“ ) 
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合同编号： 

服务合同 

委托 万  会「县小密硒谷农业发展有限从司 

（甲 万） 	 洲 

受托方：华南农业大学 

（乙 方） 

「「目「*:  项目名称：建设会昌县小密乡水稻智慧农场 
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委托方（甲万）：会昌县小密硒谷农业发展有限公裸

住 所 地： 会昌县小密乡杉背美食城 

法定代表人： 王久华 

项目联系人：刘荣生 

联系方式： 

通讯地址：会昌县小密乡富密街 70 号 

电 	话：159701 2347() 

受托万（乙万）：华南农业大学 

住 所 地：z‘织言天河扭五｛公路 183 号 

法定代表人； 薛红卫 

项目联系人； 汪沛 

联系方式：广州币天河区三山路 483 号华南农业大学 

通讯地址：广州市天河区五山路 483 号 

电 	话：13922135357 传真：020一 38676975 

电子信箱：flooget@SCaU. (d.U. en 

甲方委托乙方就“建设会昌县小密乡水稻智慧农场项目”进行专

项服务，并支付相应的服务报 ir 双方经过平等协商，在真实、充分地

表达各自意愿的基砒土，根据《中华人民共和国民法典》 的规足，达成

如不协议，并由双方共司洛哥。 

第一条：甲万委托乙方进行服务的内容如下： 

1．服务团队．指定华南农、土大学萝锡文院士1f 队负责实施。 

侧
一芯
 

代
 

、
口片
』
 

2 
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第四条：甲万向乙方支付服务费 / 及支付方式为： 

I 服务费总额为：Y 200. 000（人民币贰抬万元整）。 

2．服务费由甲方分期支付乙方 0 

具体支付万式和时与！如下： 

(1) 签订合同后，乙方开具合同款 70％的增值税专用发票提供甲

万，经甲方宙核无误后七个工作日内支付给乙方，即 140. 000 元（人民

币壹拾肆万元整）; 

(2）顶目完成全部服务内容，并通过验收后，乙方开具合同敦 :30% 

的增值税专用发票提供甲方，经甲万甲核无误后七水工作日内支付给乙

万，即 60. O0() 元（人民币陆万元整）。 

(3) 经费支 j ;1zt1使用按照《华南农业大学横！句科技项目及经费管理

办法》执行。 

几万开户银行名称、地址和账号 

开户银行：中国工商银行广东省分行广州市 LL ij.i 支行

址：厂才、；｛市天河区五山路 483 号 

帐 	号：36020026090003110520 

第五条：本合词的变更必须由双方协商一致，并抓书面形式确定。 

第六条；双万确定以下列标准和方式对乙万的服务工作成果进行验 

L 乙方完成服务工作的形式： 按甲方要求提供。 

2 服务工作成果的验收标准：万案合理可靠，完成全部服务内容 0 

3．服务工作成果的验收方法：冤成服务内容后，由甲方按照按项

目合同第一条约定服务内容进行验收。 

生
 
验收的时间和地点：2025 年 12 茸 30 日之前，由双方协商确定。 

为
 

地
 

如
一
 

4 
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扩 	 ‘盖章 

代理人 争｛谦鉴 

2命，九 3 Ei 以 口 

乙方： 
, 

法定代表人／委托代理人： 砂答名） 

年 、、奉￡～、二乡／ 
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Abstract  Robotic autonomous operating systems in global 
n40avigation satellite system (GNSS)-denied agricultural 
environments (green houses, feeding farms, and under 
canopy) have recently become a research hotspot. 3D light 
detection and ranging (LiDAR) locates the robot depend-
ing on environment and has become a popular perception 
sensor to navigate agricultural robots. A rapid development 
methodology of a 3D LiDAR-based navigation system for 
agricultural robots is proposed in this study, which includes: 
(i) individual plant clustering and its location estimation 
method (improved Euclidean clustering algorithm); (ii) 
robot path planning and tracking control method (Lyapunov 
direct method); (iii) construction of a robot-LiDAR-plant 
unified virtual simulation environment (combination use of 
Gazebo and SolidWorks); and (vi) evaluating the accuracy of 
the navigation system (triple evaluation: virtual simulation 
test, physical simulation test, and field test). Applying the 
proposed methodology, a navigation system for a grape field 
operation robot has been developed. The virtual simulation 
test, physical simulation test with GNSS as ground truth, and 
field test with path tracer showed that the robot could travel 

along the planned path quickly and smoothly. The maximum 
and mean absolute errors of path tracking are 2.72 cm, 1.02 
cm; 3.12 cm, 1.31 cm, respectively, which meet the accuracy 
requirements of field operations, establishing the effective-
ness of the proposed methodology. The proposed methodol-
ogy has good scalability and can be implemented in a wide 
variety of field robot, which is promising to shorten the 
development cycle of agricultural robot navigation system 
working in GNSS-denied environment.

Keywords  Agricultural robot · Global navigation 
satellite system (GNSS)-denied environment · Navigation 
system · 3D light detection and ranging (LiDAR) · Rapid 
developing · Methodology

1  Introduction

The automatic navigation of agricultural machinery is one 
of the key supporting technologies for smart agriculture. 
After nearly two decades of development, the global naviga-
tion satellite system (GNSS) has matured and is widely used 
in many mechanized field crop production links [1–4]. In 
comparison, agricultural robots that operate autonomously 
in a GNSS-denied environment are not yet popular. One 
reason is that the blocked satellite signal makes it difficult 
for robots to apply the mature, low-cost GNSS technology. 
Therefore, in a GNSS-denied environment, the positioning 
and navigation methods of agricultural robots have become 
a research hotspot in recent years. Chen et al. [5] used an 
RGB camera in the cucumber greenhouse and proposed a 
prediction-point Hough transform algorithm to extract the 
navigation path of the picking robot. However, the disad-
vantage of machine vision is that the image quality is easily 
affected by light and the positioning accuracy is unstable [6]. 
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Papadimitriou et al. [7] and Zhu [8] developed ultra-wide 
band-based (UWB-based) and odometer-based navigation 
systems, respectively, used for robotic autonomous opera-
tion in unknown indoor and outdoor environments. However, 
using UWB and wheel speed sensors alone results in low 
positioning accuracy and cannot meet the needs of precise 
operation. Multi-sensor fusion technology [9] is generally 
required to improve accuracy, which will require multi-
coordinate system registration, making engineering imple-
mentation difficult and costly. Using the principle of time 
of flight (ToF), 2D light detection and ranging (LiDAR) can 
obtain the two-dimensional coordinates of the surrounding 
environment of the carrier, but because of the sparse point 
cloud data and the lack of environmental information, it is 
more used in plant protection [10, 11] and harvesting [12, 
13] tools to assist perception of target operations.

3D LiDAR has a larger field of view and can provide 
richer environmental perception information and is widely 
used in local path planning of car automatic driving systems 
[14, 15]. However, due to hardware cost constraints in the 
field of agricultural engineering, 3D LiDAR was initially 
used in situations where the requirement for real-time data 
operation was not high, such as geometric parameter acqui-
sition [16], phenotyping [17], and reverse reconstruction of 
agricultural plants [18]. For example, Cheraïet et al. [19] 
proposed a Bayesian point cloud classification algorithm to 
segment the canopy of the vine point cloud scanned by 3D 
LiDAR, estimate the height and width of the canopy, and 
realize variable spraying in orchards. Chen et al. [20] used 
drones to carry 3D LiDAR to measure the canopy area and 
diameter of each fruit tree, and they analyzed the impact of 
different spatial resolutions on the detection and extraction 
results of single tree canopy. As the cost continues to drop, 
scholars have begun to pay attention to and adopt 3D LiDAR 
for the development of agricultural robot navigation systems. 
Jones et al. [21] developed a heavy-duty platform capable 
of performing tree line tracking and navigation as well as 
autonomous transportation under the canopy of kiwifruit 
pergolas, but the test window period was limited due to the 
test site and crop growth season, and the development cycle 
was lengthy. Jiang et al.  [22], aiming to solve the prob-
lem of robot positioning and navigation in the greenhouse 
environment, integrated the 3D LiDAR-perceived environ-
mental point cloud, odometer, and inertial measurement unit 
(IMU) information and used the simultaneous localization 
and mapping (SLAM) algorithm to ensure that the robot 
realized the three-dimensional reconstruction of the green-
house environment. To study the effect of traveling velocity 
on the navigation accuracy, the above two studies need to 
repeatedly adjust the algorithm parameters and carry out 
field tests, so the development efficiency is low. Liu [23], 
to address the poor reusability of robot software and weak 
environmental adaptability, designed a robot equipped with 

the robot operating system (ROS) system and combined 
MATLAB and Gazebo to build a virtual environment to 
carry out simulation tests, which improved the efficiency 
of algorithm development, but Gazebo’s built-in mapping 
tools limited modeling capabilities and could not restore 
the unique details and characteristics of real scenes. There-
fore, the adaptability of the developed algorithms to specific 
application scenarios needs to be verified. To summarize, 
there are still issues in the research of LiDAR navigation 
systems for agricultural robots in a GNSS-denied environ-
ment. Firstly, during multiple experiments, LiDAR per-
ception information and robot motion state data cannot be 
reproduced, and the experimental results cannot be repeated, 
which brings a lot of inconvenience to the parameter tuning 
of the algorithm. In addition, the absolute coordinates of the 
robot and environmental objects cannot be known because 
of the lack of satellite signals. Therefore, the evaluation of 
navigation accuracy lacks a true value basis, and the meth-
ods and indicators for the evaluation of navigation accuracy 
are not uniform.

In summary, this study proposes a development process 
for the development of robot navigation systems in an agri-
cultural GNSS-denied environment, for example, in green 
houses, on farms, or under the canopy. The structure of the 
study is as follows. The first part reviews the perception 
methods of agricultural robot navigation and positioning 
and puts forward the problems existing in the development 
of 3D LiDAR navigation systems in a star-free environment. 
The second part introduces the materials required for the 
development of the 3D LiDAR-based robot navigation sys-
tem and the development process of the navigation system 
innovatively proposed in this study. In the third part, tests 
have been carried out in virtual simulated environments, 
physical simulated environments, and field environments 
which verify the effectiveness and accuracy of the naviga-
tion system developed with the proposed process. The fourth 
part summarizes the main contributions of this study.

2 � Materials and methods

2.1 � Materials

The SCOUT MINI four-wheel differential steering mobile 
chassis (627 mm × 549 mm × 248 mm) used in the study is 
shown in Fig. 1. The display terminal is fixed to the chas-
sis through a ball bracket. 3D LiDAR (hereinafter referred 
to as LiDAR) (RoboSense, RS-Helios) is used to sense 
the working environment and perform robot positioning 
and navigation. The robot’s attitude change induced by the 
field unevenness will affect the positioning accuracy of the 
robot. The AHRS (attitude and heading reference system, 
XSENS, Mti-300) is fixedly connected to the LiDAR, and 
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the three-dimensional attitude of the LiDAR point cloud is 
measured and corrected in real time. The NVIDIA Jetson 
AGX Xavier edge computing platform, deployed with Linux 
(melodic), is used as the sensor data processing and deci-
sion control center. The dual-antenna GNSS (unicorecomm 
UM482) is installed laterally on the vehicle body (with a 
baseline distance of 1 m) to provide the true value for the 
accuracy verification of the LiDAR navigation system. The 
connection method and installation position of each piece 
of hardware of the robot are shown in Fig. 1. In the Linux 
(melodic) environment, the mixed programming of Python 
and C++ is used for algorithm development and hardware 
networking communication.

The working scene is located in the grape planting base of 
Moore Manor, Qiantang District, Hangzhou City, Zhejiang 
Province (120.45°E, 30.31°N), as shown in Fig. 2. There 
are brackets installed around and on the top of the field. The 
grape stems are slender and have different shapes, and the 

cultivation row and plant spacing are large, so it is not suit-
able for GNSS or 2D LiDAR for positioning. Therefore, the 
research will use 3D LiDAR as the perception sensor of the 
robot and demonstrate the development process of the robot 
navigation system for grape field operation.

2.2 � Methods

2.2.1 � Frame of reference transformation

As shown in Fig. 3, the coordinate systems involved in 
the robot’s navigation system are: the odom of the global 
coordinate system with the origin of the robot’s initial posi-
tion; the base_link of the robot coordinate system with the 
geometric center of the robot chassis as the origin; LiDAR 
sensor coordinate system rslidar_link; the GNSS coordinate 
system GNSS_link with the right antenna as the origin and 
the AHRS sensor coordinate system imu_link. The TF tree 
provided by ROS can be used to maintain all the transforma-
tion relationships among the robot and the mounted sensors. 
We established a communication node for each sensor, and 
manually measured the installation distances (mechanical 
dimensions) of the sensors relative to the navigation point 
(geometric center of the robot chassis). As a result, the TF 
calculated transformation between any two coordinate sys-
tems, and all the coordinate systems were projected to the 
navigation points automatically. The TF tree is shown in 
Fig. 4.

2.2.2 � LiDAR point clouds pre‑processing

The horizontal field of view of RS-Helios is 360°, with 
the horizontal resolution of 0.2° and the maximum scan-
ning distance of 150 m. The beam is 32; the vertical field 
of view is from ‒55° to 15°; and the frequency is 576 
000 points per second. In the process of environmental 

Fig. 1   Robot overall structure

Fig. 2   Research object and environment (grassed grape fields)
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perception, a large number of point clouds unrelated to 
the target plant, such as weeds, the ground, and surround-
ing buildings, will be scanned, which will increase the 
computational burden and affect the segmentation of the 
target point clouds. Therefore, real-time data preprocess-
ing is required without changing the characteristics of the 
point clouds.

	 (i)	 ROI and VoxelGrid filter
		    Taking the installation position of the 3D LiDAR as 

the origin, and the heading of the mobile robot as the 

y-axis, a Cartesian coordinate system is established (as 
shown in Fig. 4). According to the field environment, 
range of interest (ROI) areas of 6 m, 20 m, and 2 m 
were set on the x-axis, y-axis, and z-axis, respectively. 
The point that clouds in the ROI area is down-sampled 
by voxel filtering, and the size of the voxel unit is 0.1 m 
× 0.1 m × 0.1 m. The centroid coordinate of each cube 
is estimated to represent all point clouds within the 
cube. This method can effectively reduce the amount 
of point cloud data and speed up data processing on the 
premise of avoiding the loss of point cloud features.

	 (ii)	 Ground point clouds segmentation
		    The Ray Ground Filter is used to segment the 

ground point clouds, with the specific method as fol-
lows. Firstly, according to the horizontal angular reso-
lution of LiDAR, the point clouds are divided into 
360 ÷ 0.2 = 1 800 longitudinal sections, and the points 
in each longitudinal section are sorted by distance. 
Secondly, set the slope threshold (local_max_slope, 
unit: degree) of two adjacent points on the same scan 
line and the slope threshold of the entire ground (gen-
eral_max_slope, unit: degree) and obtain the height 
threshold based on these two slope thresholds and the 
radius of the current point (to the horizontal distance 
of LiDAR). Thirdly, if the height value of the current 
point is within the range of the ground plus or minus 
height threshold, it is determined as a ground point 
and deleted.

	(iii)	 Outlier removal
		    Affected by interfering factors such as system 

measurement noise and environmental characteristics, 
there are some outliers in the 3D LiDAR point clouds, 
which are far from the target point clouds in terms of 
data features and should be filtered out. Radius filter-

Fig. 3   Coordinate systems and transformations involved in robots a robot’s coordinate system, b robot’s tf_tree

Fig. 4   Range of interest
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ing was used to remove outlier point clouds around 
the backbone. The radius filtering method runs fast, 
and the points left by sequential iterations must be of 
highest density. It is extremely suitable for scenarios 
with large amounts of point cloud data and high real-
time requirements.

2.2.3 � Plant individual segmentation and position 
estimation

Preprocessed point clouds are segmented by Euclidean clus-
tering to obtain individual plants. As shown in Fig. 5a, for 
vertically growing grape stems, the centroid of the grape 
stem section can be used as the location of the single plant. 
If the point clouds of the segmented plant are used to esti-
mate the position of the individual for the vertical lower 
part and the upper sloping grape plant shown in Fig. 5b, the 
centroid will be shifted, resulting in a deviation between the 
extracted navigation path and the ideal furrow centerline. To 
solve this problem, a method for estimating the position of 
grape stems suitable for various growth attitudes is designed, 
and the specific process is as follows.

	 (i)	 Create a corresponding K-dimension tree (KD-tree) 
according to the point cloud data to be segmented. 
KD-tree is a high-dimensional indexed tree data 
structure, which is often used for K-neighbor search 
of large-scale high-dimensional data to speed up the 
Euclidean clustering and reduce the required time.

	 (ii)	 Set the distance threshold d, randomly select an initial 
point Pstart in the point cloud to be segmented, create a 
point-clouds set Rstart, and add Pstart to Rstart. Accord-
ing to KD-tree, the point clouds to be segmented are 
searched for the point set Qstart = {P1, P2, ···, Pn} 
within the range of the initial point Pstart distance 
threshold Dtree, and it is added to Rstart and marked 
point Pstart. Then extract the unlabeled point P from 
Rstart, and search for the point set Qstart+1={P1, P2, ···, 

Pn} in the point clouds to be segmented within the 
range of the distance threshold  of the point P accord-
ing to the KD-tree, add it to Rstart, mark the point P. 
Continue to extract the unmarked point Pi from Rstart 
and repeat the previous steps until no new points are 
added to Rstart. At this time, Rstart is used as a target for 
segmentation completion.

	(iii)	 Extract another unlabelled point from the point clouds 
to be segmented as the initial point P2start, repeat the 
preceding steps until all of the points in the three-
dimensional point clouds to be segmented are marked, 
complete the Euclidean clustering of the point cloud 
data, and realize the plant’s individual segmentation.

	(iv)	 Calculate the maximum coordinates (xmax, xmin, ymax, 
ymin) of the ith grape stem point clouds set along the 
x and y axes after the data clustering of the kth frame. 
According to Eqs. (1)‒(4), the widths xki and yki in 
the x-axis and y-axis directions of the grape stem are 
obtained. And according to Eqs. (5) and (6), the aver-
age values x̂k , ŷk , in the x-axis direction and the y-axis 
direction of the grape stem in all ROI areas of the 
point cloud data of the kth frame are obtained and set 
as the threshold of the centroid of the grape stem.

	 (v)	 As shown in Fig. 5c, determine whether the distance 
between the x-axis direction and the y-axis direction 
of the ith grape stem in the kth frame of point clouds 
data is greater than the threshold. If it is greater than 
the threshold, the point clouds with the maximum 
value in the z-axis direction are truncated. Repeat the 
process (iv) until the centroid of the grape stem meets 
the threshold requirement.

	(vi)	 Project the centroid of the grape stem to a two-dimen-
sional plane to obtain the final position coordinates 
of the stem (OX, OY, O), record the position coordi-
nates Oki of all the grape stems under the kth frame, 
and realize the target position estimation, as shown in 
Fig. 5c.

(1)xj
i

=
xmax i

+ xmin i

2
,

(2)yj
i

=
ymax i

+ ymin i

2
,

(3)xki = xmax − xmin,

(4)yki = ymax − ymin,

(5)x̂k =
xk1 + xk2 +⋯ + xki

i
,

Fig. 5   Estimation of individual position of grape plants a  general 
grape stem position estimation, b curved grape stem position estima-
tion, c improved grape stem position estimation
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2.2.4 � Navigation path planning

The least square method (LSM) was used to fit all the 
stem centers of individual grape estimated in Sect. 2.2.3 
and generate plant rows. LSM, with small error and fast 
speed, is more in line with practical application require-
ments. In addition, in order to avoid the yaw of the robot 
because of misidentification of plant rows during driving, 
the LSM for fitting plant rows was improved, and the flow 
is shown in Fig. 6.

	 (i)	 After the straight line is initially fitted by the least 
squares method, the slope the slope kl of the left tree-
line Ll and the slope kr of the right tree-line Lr are 
estimated, respectively. If the value of kl and kr are not 
between ‒tan 75° and tan 75°, it is believed that the 
estimation is effective.

	 (ii)	 Calculate the distance from each coordinate point 
to the fitted line and delete the coordinate points in 
descending order of length. After each deletion, return 
to perform a least squares fitting.

	(iii)	 Calculate the slope of the newly fitted straight line, 
then repeat steps (i) and (ii) until a straight line 
y = kx + b that meets the target condition is fitted.

(6)ŷk =
yk1 + yk2 +⋯ + yki

i
.

(7)Ll ∶ y = klx + bl,

(8)Lr ∶ y = krx + br,

where bl and br are the intercept of the Ll and Lr, respectively. 
According to Eq. (9), calculate the midpoint set of Ll and 
Lr, that is, the reference navigation line Lfinally is estimated.

2.3 � Path following control

In the global coordinate system OXY, set a point on the navi-
gation line as the preview point P of the robot, as shown in 
Fig. 7. The blue line is the fitted plant row, the red line being 
the desired path, O’ the robot’s navigation control point, P 
the target point on the robot’s navigation path, and (ex, ey), eθ 
are the position deviation and heading deviation between the 
robot control point O’ and the target point P, respectively. 
The pose vector of the robot in the global coordinate system 
is pc =

[
xc yc �c

]T , and the motion vector is qc =
[
vc �c

]T 
; the pose vector of the reference robot in the global coor-
dinate system is pr =

[
xr yr �r

]T , and the motion vector is 
qr =

[
vr �r

]T.
From the principle of kinematics, the following relation-

ship can be defined

In the global coordinate system, the error of the robot’s 
actual pose relative to the reference pose is

(9)Lfinally ∶ y =

(
kl + kr

)
+
(
bl + br

)
2

,

(10)

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

ṗc =

⎡⎢⎢⎢⎣

ẋc

ẏc

𝜃̇c

⎤⎥⎥⎥⎦
=

⎡⎢⎢⎣

cos 𝜃c 0

sin 𝜃c
0

0

1

⎤⎥⎥⎦
qc,

ṗr =

⎡⎢⎢⎢⎣

ẋr

ẏr

𝜃̇r

⎤⎥⎥⎥⎦
=

⎡⎢⎢⎣

cos 𝜃r 0

sin 𝜃r
0

0

1

⎤⎥⎥⎦
qr.

Fig. 6   Improved least squares fitting plant row flow chart Fig. 7   Robot trajectory tracking model
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From the transformation relationship of the robot pose, 
the expression of the robot pose error in the local coordi-
nate system can be obtained as follows

 In the formula, Re is the transformation matrix. Taking 
the derivation of Eq. (12), and combining Eq. (10), we can 
obtain

The differential equation of the robot pose error after 
finishing is

(11)pE = pr − pc =
[
xr − xc yr − yc �r − �c

]T
.

(12)ṗe =

⎡
⎢⎢⎢⎣

xe

ye

𝜃e

⎤
⎥⎥⎥⎦
=

⎡⎢⎢⎣

cos 𝜃c sin 𝜃c 0

− sin 𝜃c cos 𝜃c 0

0 0 1

⎤⎥⎥⎦
pE = RepE.

(13)𝜃̇e = 𝜃̇r − 𝜃̇c = 𝜔r − 𝜔c.

Through the transformation of Eqs. (10)–(15), the track-
ing control problem of the robot is transformed into the 
stabilization problem of the error system (see Eq. (16)).

Make the control parameters k1, k2, and k3 all greater 
than zero and bounded, and design the control law as

Construct the Lyapunov function as

Derivate Eq. (18) and substitute Eq. (17) into

(14)

ẋe =
(
ẋr − ẋc

)
cos 𝜃c − 𝜃̇c

(
xr − xc

)
sin 𝜃c +

(
ẏr − ẏc

)

sin 𝜃c + 𝜃̇c

(
yr − yc

)
cos 𝜃c

= vr cos
(
𝜃r − 𝜃c

)
− vc + 𝜔c

((
yr − yc

)
cos 𝜃c −

(
xr − xc

)
sin 𝜃c

)

= 𝜔cye − vc + vr cos 𝜃e ,

(15)

ẏe = −
(
ẋr − ẋc

)
sin 𝜃c − 𝜃̇c

(
xr − xc

)
cos 𝜃c +

(
ẏr − ẏc

)

cos 𝜃c − 𝜃̇c

(
yr − yc

)
sin 𝜃c

= vr sin
(
𝜃r − 𝜃c

)
− 𝜔c

((
xr − xc

)
cos 𝜃c +

(
yr − yc

)
sin 𝜃c

)

= −𝜔cxe + vr sin 𝜃e ,

(16)ṗe =

⎡
⎢⎢⎣

ẋe
ẏe
𝜃̇e

⎤
⎥⎥⎦
=

⎡
⎢⎢⎣

𝜔cye − vc + vr cos 𝜃e
−𝜔cxe + vr sin 𝜃e

𝜔r − 𝜔c

⎤
⎥⎥⎦
.

(17)U =

[
v

�

]
=

[
vr cos �e + k2xe

�r + k1vrye + k3 sin �e

]
.

(18)V =
k1

2

(
xe

2 + ye
2
)
+ 2

(
sin

�e

2

)2

.

Table 1   URDF parameter configuration of LiDAR perception model

Characteristic parameters Numerical value

Line number 32
Dead zone/m 0.2
Ranging ability/m 0.2 ‒ 150
Horizontal field/(°) 360
Horizontal angular resolution/(°) 0.2
Vertical field/(°) 15 ‒ 55
Vertical angular resolution/(°) 1.5
Frame rate/Hz 10

Fig. 8   Virtual simulation environment construction flow chart
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∀pe ≠ 0,V > 0, V̇ < 0 ; therefore, the control law Eq. (17) 
makes the control system converge to the equilibrium point 
pe = 0 asymptotically; that is, the robot can track the upper 
reference trajectory.

(19)

V̇ = k1
(

xeẋe + yeẏe
)

+ 2 sin
�e
2
cos

�e
2
�̇ee

= k1
(

xevr cos �e − xe
(

vr cos �e + k2xe
)

+ yevr sin �e
)

+
(

�r −
(

�r + k1vrye + k3 sin �e
))

sin �e
= −k1k2xe2 − k3sin2�e ⩽ 0

.

2.4 � Robot‑LiDAR‑plant multi‑domain unified virtual 
simulation environment

In order to verify the effect and reliability of the designed 
robot navigation system, the research adjusts the informa-
tion processing and automatic control algorithm param-
eters, builds a unified virtual simulation environment of 
robot-LiDAR-plant in ROS, simulates the real scene of the 
robot running in the grape field, and conducts the simula-
tion test. The unified robot description format (URDF) is 
a language format for describing robots under the XML 
syntax framework. Using URDF tags, simple multibody 
dynamics virtual simulation models and environments can 
be created. For complex structures, such as grape fields 
and robots, directly describing the URDF command line 

Fig. 9   Simulated motion of the robot in the simulated grape trellis a robot motion state in Gazebo, b robot motion state in RVIZ

Fig. 10   Robot navigation path and path true value data and error a navigation simulation test scenario, b GNSS measurement simulates the true 
value of plant coordinates
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is difficult. Therefore, first use Solidworks to design a 
3D model, and then export the URDF file of the model 
through the sw_urdf_exporter plug-in. After modeling, 
simulate and debug the created multi-body model in 
Gazebo while visualizing sensor and robot state informa-
tion in RVIZ. The modeling process is as follows

	 (i)	 Mobile chassis virtual simulation model
		    Build a physical model of the robot in SolidWorks, 

set the reference axis at the center of the body and 
four wheels, and establish a coordinate system. Then 
define the body coordinate system base_link as the 
parent object; the coordinate systems right_front_
wheel, right_back_wheel, left_front_wheel, and 
left_back_wheel of the four wheels as child objects; 
and set the joint type of the wheel to continuous.

	 (ii)	 Test virtual simulation environment
		    Build a virtual simulation environment in Gazebo 

according to the actual test scene, set the reference 
axis on the ground and the center of the plant, and 
establish the coordinate system. Set the ground as the 
parent object, set the plant as the child object, select 
the reference coordinate system of the plant, and set 
the joint type to be fixed to complete the construction 
of the virtual simulation environment.

	(iii)	 3D LiDAR perception model
		    Call the LiDAR_Simulator URDF file and con-

figure the URDF description parameters of LiDAR 
according to Table 1.

The three-dimensional modeling of the robot, 3D 
LiDAR, and the test environment is completed, the rela-
tive positional relationship between the coordinate systems 

is defined according to the actual installation position, and 
the construction of the virtual simulation environment is 
completed, as shown in Fig. 8.

2.5 � Test

2.5.1 � Virtual simulation test

The field test is carried out in the virtual simulation envi-
ronment built in Sect. 2.4 to improve the success rate and 
optimize the robot perception and automatic control algo-
rithm parameters, as shown in Fig. 9a. According to the 3D 
point cloud processing method proposed in Sect. 2.2, the 
hybrid parameter adjustment of perception and navigation 
algorithms is carried out as follows

	 (i)	 Different thresholds of ground slope, Euclidean clus-
tering point cloud quantity threshold, and plant stem 
cross-section threshold were selected for virtual simu-
lation tests, and the point cloud processing results of 
each parameter were compared.

	 (ii)	 The row spacing of grape plants is about 3 m, and the 
plant spacing is about 1 m. The degree of bending 
of the stems is different from each other, and they 
are basically enclosed in a cylinder with a diameter 
of 15 cm. Therefore, the 3D simulation scenario was 
constructed referring to the experiment field as simi-
larly as possible, including reconstructing the cultiva-
tion pattern and attitudes of grape stems. And on this 
basis, center estimations of the grape stems before and 
after using improved Euclidean clustering algorithm 
were compared via simulation.

Fig. 11   Test site grape fields a robots conduct field test, b the yellow sand grains record the movement path of the robot during navigation
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	(iii)	 Fit the navigation path, calculate the robot linear 
velocity and angular velocity according to the navi-
gation control law designed in Section 2.3, control 
the robot movement, and visualize it in RVIZ (green 
straight line), as shown in Fig. 9b.

2.5.2 � Path tracking physical simulation test

A path tracking physical simulation test was carried out at 
Zhejiang Sci-Tech University in order to verify the accuracy 
of the designed navigation system, as shown in Fig. 10. First, 
16 plastic circular tubes with diameters of 40–60 mm and 
heights of 1 m were placed on the ground in two rows with a 
row spacing of (3 ± 0.1) m to simulate plant rows. The RTK-
GNSS antenna was used to measure the absolute coordinate 
value of each circular tube in the east-north-up (ENU) coor-
dinate system. A least-square fit was used to simulate plant 
rows, and the centerline of the 2 straight lines was calculated 
as the true path value. Second, the initial position deviations 
of the robot were set to be (0 ± 0.1) m and (0.5 ± 0.1) m, 
respectively, and the travel speeds were 0.3 m/s, 0.5 m/s, and 
0.7 m/s, respectively. A straight line tracking test was carried 
out to record the real motion path points of the robot. Third, 

the distance from the robot path point to the center line as the 
position deviation of the simulated test was calculated, and the 
online time, max absolute error (MaxErr) and mean absolute 
error (MeanErr) of each group of tests were analyzed.

2.5.3 � Field test

To verify the feasibility of the designed navigation system 
development process and that the navigation system can effec-
tively estimate and automatically navigate plant point clouds 
information in a GNSS-denied environment. Field navigation 
tests were conducted in grape fields (see Fig. 11a), and the 
results of LiDAR point cloud processing in the virtual simu-
lation environment and the real environment were compared.

Firstly, an hourglass with yellow sand particles was 
installed on the front of the vehicle to record the real path 
of the robot, as shown in Fig. 11b. Secondly, the navigation 
test was carried out at 0.3 m/s, 0.5 m/s and 0.7 m/s, respec-
tively. After each test was completed, the vertical distance 
from the grape stem to the navigation track was measured 
by ruler, and the test results were recorded. The test was 
repeated five times in total. Thirdly, the difference between 
the navigation path line and the center line of the grape plant 
row was defined as the error amount; the influence of the 
European clustering algorithm was compared before and 
after the improvement on the autonomous navigation of the 
robot; and the MaxErr and MeanErr were calculated. Finally, 
after comparing the results of the field test and the physical 
simulation test, the navigation accuracy of the robot is evalu-
ated, and the practical application effect of the navigation 
system developed according to the proposed methodology 
in the GNSS-denied environment is analyzed.

3 � Results and discussion

3.1 � Virtual simulation test

3.1.1 � Navigation system parameter optimization

As shown in Fig. 12, the yellow box represents the effect 
of ground point cloud segmentation under different 
local_max_slope and general_max_slope parameters. 
If the selected two slope thresholds are too small, the 
ground point clouds will not be completely segmented. In 
contrast, some target point clouds will also be regarded 
as ground point clouds. When local_max_slope = 88 and 
general_max_slope = 83, the ground point-clouds and 
the plant point-clouds are completely separated. The 
green box is the clustering effect of plants under differ-
ent cluster_size. Use the BoundingBoxArray plug-in in 
RVIZ to select each piece of point cloud that has been 
classified. If the threshold of the number of point clouds 

Fig. 12   Mixed parameters
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Fig. 13   Clustering results before and after the improvement of Euclidean clustering a construction of virtual scenario of grape field, b point 
clouds acquired from virtual grape stems, c clustering results of original Euclidean clustering algorithm, d clustering results of improved Euclid-
ean clustering algorithm, e estimation results of grape stems position before and after Euclidean clustering improvement
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is set too small, some noise points will also be regarded 
as clustered point clouds and be incorrectly selected by 
the box. In contrast, some grape stems are missed due 
to distance, occlusion, etc., when min_cluster_size = 12 
and max_cluster_size = 400, achieving the ideal clustering 
effect. The blue box is the effect of the BoundingBox-
Array box selection under the stem_section of different 
plants. According to the measured value of grape stem 

diameter of 3–6 cm, found that if the threshold value 
of stem_section is seted too small, the centroid may be 
missed due to too few point clouds of grape stem; On the 
contrary, the centroid will have a large offset, Therefore, 
when stem_section = 8 cm, obtain a more accurate esti-
mate of the stem centroid position.

3.1.2 � Improved euclidean clustering for grape stem 
position estimation

Figure  13a shows the constructed virtual simulation 
scenario in Gazebo, and Fig. 13b shows the point cloud 
acquired from the constructed virtual grape stems. The 
applied results of original and improved Euclidean clus-
tering algorithm on grape stems are shown in Figs. 13c 
and d, respectively. Among them, the red boxes numbered 
①, ② and ③ in the Fig. 13 are grape stems with obvious 
curvature, which illustrates that the sizes of the bounding 
boxes of grape stems with obvious curvature are bigger 
than those with small curvature. Before the improvement, 
the maximum width of the bounding box was 15 cm; after 
the improvement, the maximum width was 8 cm. The esti-
mated center coordinates of the bounding boxes clustered 

Fig. 14   Navigation controller virtual simulation navigation results a robot path tracking, b robot heading tracking

Table 2   Accuracy results of 3D LiDAR physical simulation navigation test

Number Velocity/(m·s‒1) Initial deviation/m Heading to the planed 
path time/s

Max absolute error/cm Mean absolute error/cm

1 0.3 0 ± 0.1 3.75 2.72 1.02
2 0.5 0 ± 0.1 2.42 3.08 1.64
3 0.7 0 ± 0.1 1.34 4.95 2.06
4 0.3 0.5 ± 0.1 6.35 2.83 1.36
5 0.5 0.5 ± 0.1 4.53 3.46 1.68
6 0.7 0.5 ± 0.1 3.96 5.15 2.27

Fig. 15   Results of the simulated navigation test
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by two methods are shown in Fig. 13e. Figure 13e shows 
that the improved Euclidean clustering can finally improve 
the estimation accuracy of plant rows. 

3.1.3 � Path following control simulation

Set the linear velocity and angular velocity of the reference 
robot as vr = 0.3 m/s, �r = 0◦/s ; the initial pose error is 
pe(0) = [−1.5m,−0.5m, 15◦]T, k1 = 4 , k2 = 2.2 , k3 = 2.5 . 
Start the virtual simulation, the navigation results recorded 
by RVIZ are shown in Fig. 14.

The results show that the control law under this param-
eter, under the condition that the initial deviation is 0.5 m, 
the heading angle changes within 0–0.5 s, indicating that 
the robot is in the process of going online. Beginning at 
0.5 s, the heading angle gradually converges, completes 
the line at about 3 s and starts to track the target straight 
line. Therefore, the designed path following control law 
is effective.

3.2 � Physical simulation test

The linear navigation of the robot is divided into the online 
phase and the linear tracking phase. After the robot goes 
online smoothly, the navigation error is calculated, and the 
initial deviation, Online time, MaxErr and MeanErr of the 
robot path and the true value are recorded for each test. Test 
results are shown in Table 2. The results show that, under the 
same initial deviation, with the increase in velocity, MaxErr 
and MeanErr also increase; navigation accuracy is reduced; 
and the online process is accelerated. Therefore, in practical 
applications, under the premise of meeting the requirements, 
reducing the traveling velocity as much as possible can 
improve the navigation accuracy. When travelling velocity 
is constant, online time, MaxErr and MeanErr all increase 
as the Initial deviation increases. Therefore, in practical 
applications, the initial deviation should be minimized to 
improve the navigation effect. The best navigation effect is 
in the first group of trials, with a MaxErr of 2.72 cm and a 
MeanErr of 1.02 cm, as shown in Fig. 15. The planned path 

Fig. 16   Grape field point clouds processing flow, a virtual simulation environment, b field environment

Table 3   Accuracy results of 3D LiDAR field navigation test

European clustering Improved European clustering

Number 1 2 3 4 5 6
Velocity/(m·s‒1) 0.3 0.5 0.7 0.3 0.5 0.7
Max absolute error/cm 4.95 6.32 7.85 3.12 4.21 5.07
Mean absolute error/cm 2.07 3.15 3.64 1.31 1.98 2.52
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is basically ideally tracked. The possible causes of errors 
include measurement errors between sensors and GNSS, 
calibration errors between LiDAR coordinate systems and 
GNSS coordinate systems, LiDAR installation errors, and 
numerical calculation errors.

3.3 � Field test

Figures 16a and b show the LiDAR point cloud process-
ing effects in the virtual simulation environment and field 
test, respectively. The 3D LiDAR scans the environmental 
point clouds. After preprocessing and improving the Euclid-
ean clustering, the effect of the point clouds is consistent 
with the processing results of the point clouds in the virtual 
simulation environment. Therefore, the results show that 

the system parameters optimized in the virtual simulation 
environment are also suitable for the field test environment.

In the field experiment, the robot trajectory was tracked 
by the yellow sand running out from a hourglass. After 
then, the vertical distance from each grape stem to the 
recorded navigation trajectory was measured to locate the 
waypoints on the navigation trajectory corresponding to 
each real grape stem. Tests were carried out at different ini-
tial velocities, and the comparative test results are shown in 
Table 3. In the field test, it shows the same characteristic as 
the physical simulation test in Sect. 3.2. With the increase 
of velocity, MaxErr, and MeanErr will also increase. In 
the comparative test of European and improved European 
clustering, when the velocities are 0.3 m/s, 0.5 m/s and 0.7 
m/s, respectively, the effect of improved European cluster-
ing is better than that of European clustering. The accuracy 
results are best when velocity is 0.3 m/s; MaxErr is 3.12 

Fig. 17   Field test robot navigation path (yellow sand) a naviga-
tion path of the robot field test before the improvement of Euclidean 
clustering, b navigation path of robot field test after improvement of 

European clustering, c  navigation results of robotic field test before 
European clustering improvements, d navigation results of the robot 
field test after the European clustering were improved
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cm; and MeanErr is 1.31 cm. As shown in Figs. 17a and b, 
the navigation path of the robot field test after the improve-
ment of the European clustering is smaller than the naviga-
tion path of the robot field test before the improvement of 
the European clustering, which is smoother and closer to 
the planned path. In Fig. 17c, at y = 8 m, the Actual path 
has the largest error of 4.95 cm, and at y = 9 m, there is a 
large deviation in the opposite direction. The grape stems 
on both sides were significantly bent, which caused the 
planned path to deviate from the ideal centerline, and the 
tracking error was the largest. In Fig. 17d, the curve of the 
actual path is very smooth, and the maximum error is only 
3.12 cm. Most of the curves are close to the planned path, 
and a few are slightly to the right.

The field test results show that the navigation system 
designed by the methodology proposed in this study 
can realize the effective estimation of plant information 
and the automatic navigation of the robot in a star-free 
environment.

4 � Conclusions

Aiming at the problems existing in the development of agri-
cultural robot navigation systems in a GNSS-denied environ-
ment, such as long development cycles and unrepeatable 
field test data, a 3D LiDAR-based navigation system devel-
opment methodology is proposed. It specifically includes: 
(i) point cloud data preprocessing methods, (ii) individual 
plant segmentation and position estimation method, (iii) 
plant row fitting and path planning, (iv) non-linear path 
following control law, (v) construction of a robot-LiDAR-
plant multi-domain unified virtual simulation environment in 
ROS/Gazebo, (vi) carrying out virtual simulation test, physi-
cal simulation test and field test to verify the effectiveness 
of the proposed methodology. The physical simulation test 
results show that when the travelling velocity of the robot is 
0.3 m/s and the initial deviation is 0 ± 0.1, the MaxErr and 
MeanErr are 2.72 cm and 1.02 cm, respectively. The field 
test results show that, the point cloud processing and auto-
matic control algorithm parameters in the virtual simulation 
environment are also applicable to the field, and consistent 
navigation results are obtained. When the travelling veloc-
ity of the robot is 0.3 m/s, the MaxErr and MeanErr are 
3.12 cm and 1.31 cm, respectively. Above all, the proposed 
method provides a good solution on improving the develop-
ment technique for agricultural robot navigation systems that 
operate in GNSS-denied environments. This study has good 
scalability and its methodology can be implemented in a 
wide variety of field robot, which is promising to shorten the 
development cycle of agricultural robots. Future study will 
focus on the reconstruction of complicated field scenario in 

virtual simulation environment and in which the obstacle 
avoidance algorithm of agricultural robots will be studied.
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To overcome the limitations of existing methods in acquiring the vertical kinematic states

of implements subject to vulnerable signal or operating surroundings, the Kalman filter

was used to fuse a laser receiver’s rough height indicated by photocell set and its accel-

eration to obtain the vertical displacement and velocity of the implement. This is called the

Kalman filter based method for fusing laser receiver and accelerometer (KFLA). By using the

linear motion transducer as a comparative metric, laboratory experiments of accuracy

evaluation were conducted within the motion range of �77 to þ77 and �11 to þ11 mm,

respectively. The maximum absolute errors of the displacement estimated by the KFLA

were 14.6 mm and 5.7 mm, respectively; and the root mean square errors were 5.6 mm and

1.9 mm, respectively. Meanwhile, the velocity estimated by the KFLA showed similar but

smoother variations than the displacement difference. Vertical height estimation result of

the implement of a field-travelling levelling machine showed that the KFLA curve passed

through the bars represented by the rough height and corresponding deviation with a

higher frequency of 50 Hz. Above all, the KFLA could calculate the height of the implement

when the motion was beyond the sensing range of the receiver, which showed the stable

acquisition of sensing signal enables KFLA to be competent for measurement tasks oper-

ating in complex terrain. Overall, the KFLA is a promising method to estimate the kine-

matic states of the implements in indoor/outdoor environments, dryland, and paddy fields.

© 2021 IAgrE. Published by Elsevier Ltd. All rights reserved.
compensate for the operational impact of an uneven surface

1. Introduction

Because of the poor levelling of farmlands, agricultural

machinery needs a height adjustment mechanism to
ing, South China Agricult
u).
.12.015
r Ltd. All rights reserved
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and obtain a uniform working height that facilitates the

standardised implementation of subsequent processes. The

height adjustment mechanisms are of passive and active

types. Passive mechanisms have a simple form and are easy
ural University, Wushan Road 483, 510642, Guangzhou, China.
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Nomenclature

Symbol Meaning of symbol [unit]

T0 Sample interval [s]

Sk Actual vertical displacement of the receiver

[mm]; subscript k denotes the sampling order

ak Actual vertical acceleration of the receiver [mm

s�2]

zk Height level indicated by the enabled photocell

unit(s) [mm]

ek Error between the observation and actual

vertical displacement of the laser receiver [mm]

Xk Two-dimensional state vector

uk Manoeuvring acceleration [mm s�2]

wk Non-manoeuvring acceleration [mm s�2]

A State transition matrix

B Input matrix

H Observation matrixbxk�1ð�Þ Prior estimation of the system statebxk�1ðþÞ Posteriori estimation of the system state

Pkð � Þ Prior covariance of the error of bxkð � Þ
PkðþÞ Posteriori covariance of the error of bxkð � Þ
Q Process noise covariance matrix

QH Variance of the displacement process

Qv Variance of the velocity process

R Observation noise covariance

Kk Kalman gain

I Unit vector

Y(k) Low-pass output [mm s�2]

X(k) Sampling value of the accelerometer [mm s�2]

a Low-pass filter coefficient

D(a) Variance of the pre-processed acceleration

signal
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to implement. Generally, by adjusting the pretension length

of the linear spring, the contouring motion of the machine

relative to the field can be achieved within a certain range.

Passive mechanisms are mostly used for agricultural trac-

tion implements, such as the seeding device of a single

precision seeder. However, for integrally suspended work-

ing implements with large inertia and operating scenarios

with large fluctuations in the terrain, the passive adjust-

ment solution cannot meet the requirements of highly ac-

curate control of the implement. With the continuous

advancement and development of precise agricultural con-

cepts and applications, the acquisition and active control

technology of the farm implement height continue to attract

the attention of researchers. Nielsen et al. (2017) combined

ultrasonic and linear displacement sensors to monitor the

depth of the disk coulter and developed a corresponding

depth active control system (Nielsen et al., 2018). Cui et al.

(2019) used a smoothing filter and a limiting filter to inte-

grate the data from three ultrasonic sensors installed under

the boom of a sprayer to dynamically measure the height of

the nozzles relative to the canopy. Similarly, ultrasonic

sensors have also been successfully used to sense the
66
canopy height of wild blueberries, providing a height refer-

ence for automatic height adjustment of harvester headers

(Chang et al., 2017). Wang et al. (2019) used a near-infrared

distance sensor installed in front of the wheels to detect

the terrain in front of an agricultural vehicle to estimate the

attitude of the chassis, thereby achieving rapid control of

the attitude of the vehicle platform. The above sensors are

widely used to obtain machine height information (relative

to the field surface or canopy) in dry farmlands, but their

application is limited in Asian paddy fields, which are the

main rice production areas.

Tang et al. (2018) proposed a paddy field surface (mud-

water mixture) extraction algorithm based on two-

dimensional (2D) LiDAR information. This method can calcu-

late the height of the work implement relative to the ideally

horizontal water surface, but the operation is best performed

within 10.5e24 h after rotary cultivation to minimise the time

variations in the measurements. To support precision agri-

culture, GNSS (global navigation satellite system) equipment

can be used for tracking the spatial positioning of the vehicle

in the earth-fixed coordinate system for autonomous robot

navigation (Gonzalez-de-Soto et al., 2016) and continuous

recording of the three-dimensional soil parameters. Fountas

et al. (2013) designed a rapid resistance measurement sys-

tem using a GPS receiver, comparing the effects of five

different tillage methods on soil compaction at different

depths. Similar studies were also conducted by Sudduth et al.

(2008) and Andrade-Sanchez et al. (2008). Although the GNSS

equipment can be used in paddy fields and dryland, and pro-

vide up to centimetre-level accuracy working in RTK (real-

time kinematic) mode, GNSS signals are easily blocked by

obstacles and appear to have differential lockout or multipath

effects. Therefore, auxiliary sensors are required for infor-

mation fusion estimations (Rovira-M�as et al., 2015), resulting

in higher overall costs.

The laser levelling technologies, including dry land level-

lers (_Irsel & Altinbalik, 2018), paddy field levellers (Hu et al.,

2019), and levellers for construction machinery (Leica, 2019),

use a laser receiver installed on the scraper to sense the po-

sition of the laser beam emitted by the laser transmitter to

obtain the height difference between the scraper and the laser

scanning plane. The hardware of the height measurement

system adopted by the laser leveller is composed of a laser

receiver and laser transmitter, which has lower cost and

stronger anti-interference ability than the GNSS equipment,

providing an accuracy of 3e10 mm among products. More-

over, the laser height sensing system (LHSS) can be used both

indoors and outdoors; thus, it is a promising approach to

measure the height of a working implement despite its

shortcomings. First, the laser receiver outputs digitally enco-

ded signals according to the enabled state of the internal

photocell set. It has high precision, but the resolution is low

and limited by the physical size of the photocell unit. In

addition, the range of the LHSS depends on the overall length

of the photocell set. When used in off-road conditions, espe-

cially in paddy fields with uneven bottom layers (Zhao et al.,

2019), the motion of the tractor motion fluctuates greatly (Hu

https://doi.org/10.1016/j.biosystemseng.2020.12.015
https://doi.org/10.1016/j.biosystemseng.2020.12.015


b i o s y s t em s e n g i n e e r i n g 2 0 3 ( 2 0 2 1 ) 9e2 1 11
et al., 2019), and even exceeds the effective measurement

range, causing measurement failures. Moreover, the data

acquisition frequency of the LHSS is determined by the rotary

speed of the laser head, which is usually only 10 Hz, causing

undersampling of the height measurements, especially for

implements with high moving speeds.

The objective of this work is to propose an improved

sensing system and corresponding signal processing algo-

rithm on the basis of the current LHSS, which can not only

estimate the elevation of working implements in real time

with higher precision, reliability, and update frequency but

also estimate the vertical velocity that is absent in the original

LHSS. Furthermore, it is expected that the proposed system

has a wider range of application scenarios, such as concrete

levellers used indoors and agricultural implements in dryland

as well as paddy fields.
2. Material and methods

2.1. The laser receiver

The laser receiver’s photosensitive area consists of 36 pieces

of 2CR93 silicon photocells with a size of 20 mm � 5 mm.

The effective length of a single chip is 20 mm. The silicon

photocells are divided into four columns with nine pieces in

each column. The four columns of the photocells are ar-

ranged symmetrically, and every two adjacent columns are
Fig. 1 e Working principle of the laser receiver (unit in the figu

Relationship between height level value and irradiation positio
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perpendicular to each other so that the laser beam can be

detected at any incident angle. For each column, the pho-

tocells are connected in a 2-2-1-2-2 manner with 2-mm

space in between (Fig. 1(a)). The receiver uses five (denoted

by PA0ePA4) independent processing circuits to perform

photoelectric conversion, amplification filtering, pulse

shaping, and comparison stretching on the signal, and then

transmits it to the STM32F103RBT6 processor’s general-

purpose input/output (GPIO) (Ke and Luo, 2014). The pro-

cessor distinguishes the photocell(s) enabled by the laser

beam according to the logic value(s) of PA0ePA4 of the GPIO.

In Fig. 1(b), the red horizontal dotted line represents the

laser beam, and the vertical line perpendicular to it repre-

sents the beam diameter. The position value of the middle

photocell (PA2) is set at 0; by considering the size and

arrangement of the photocell units, the receiver can sense

and output nine height levels: when the laser beam irradi-

ates at any position in PA4, it indicates that the current

height difference between the receiver and laser reference

plane is level 77; when the laser beam irradiates at any

position in PA3, it indicates that the current height level is

33; when the laser beam irradiates at any position in PA2, it

indicates that the current height level is 0; when the laser

beam irradiates in both PA4 and PA3, it indicates that the

current height level is 55; when the laser beam irradiates in

both PA3 and PA2, it indicates that the current height level is

11. For the photocell units below PA2, the height levels are

still symmetric but have negative values.
re: mm). (a) Size and arrangement of photocell unit. (b)

n.
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2.2. Kalman information fusion algorithm based on the
laser receiver and accelerometer (KFLA)

The photocell set indicates the actual laser beam position

information, but the observation variance is large and the

update frequency is low. Accelerometers can provide high-

frequency height estimation, but digital integration tends to

cause error accumulation. Therefore, by fusing the external

laser source data with good long-term accuracy and inertial

sensor datawith good short-term accuracy, an optimal overall

estimate of the receiver’s motion position can be acquired.

Here, the Kalman filter is used to fuse the height level and the

acceleration information to estimate the kinematic states of

the laser receiver, to improve the measurement accuracy and

signal update frequency.

The vertical motion of the receiver can be described using

the following equation:

Skþ1 ¼ Sk þ _SkT0 þ 0:5akT
2
0 (1a)

_Skþ1 ¼ _Sk þ akT0 (1b)

where T0 is the sample interval, s; Sk is the actual vertical

displacement of the receiver, mm; subscript k denotes the
Fig. 2 e Coordinate system illustration. (a) AHRS (sensor)
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sampling order; ak is the actual vertical acceleration of the

receiver, mm s�2; the dot indicates differentiation with

respect to sample interval.

The height level at sample time k indicated by the enabled

photocell units is given by zk, which is composed of the actual

vertical displacement and observation error:

zk ¼ Sk þ ek (2)

where ek is the error between the observation and actual

vertical displacement of the laser receiver, mm.

The displacement and velocity of the laser receiver serve as

the two-dimensional (2D) state vector, xk, in the receiver’s

kinematic state space:

xk ¼
�
Sk
_Sk

�
(3)

When an accelerometer is used to measure the accelera-

tion, ak in Eq. (1) is composed of manoeuvring acceleration uk

and non-manoeuvring acceleration wk:

ak ¼uk þwk (4)

Using Eqs. (1)e(4), the recursive equation for the kinematic

states of the laser receiver can be expressed as follows:
coordinates. (b) Presentation of the two coordinates.
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xk ¼Axk�1 þ Buk�1 þ Bwk�1 (5a)

where A ¼
�
1 T0

0 1

�
is the state transition matrix; B ¼

�
0:5T2

0

T0

�
is the input matrix.

The observation equation for the kinematic states of the

laser receiver is

zk ¼Hxk þ ek (5b)

where H ¼ ½1 0� is the observation matrix.

The process of the Kalman filter fusing the receiver accel-

eration and the height level perceived by the photocell set can

be summarised as follows:

1) Prior estimation of the system state at step k:

bxkð� Þ¼Abxk�1ðþ Þ þ Buk�1 (6a)
Fig. 3 e Acceleration sig

Table 1 e Simulation results of traversal filter coefficient.

a 0.01 0.02e0.03 0.04e0.05

Std. 0.0053 0.0052 0.0051

a 0.13e0.15 0.16e0.17 0.18e0.20

Std. 0.0047 0.0046 0.0045

a 0.31e0.35 0.36e0.41 0.42e0.58

Std. 0.0041 0.0040 0.0039

a 0.74e0.76 0.77e0.79 0.80e0.82

Std. 0.0043 0.0044 0.0045

a 0.90e0.92 0.93e0.94 0.95e0.96

Std. 0.0049 0.0050 0.0051

Note: In order to simplify the form, the Std. value in the table was only

double-precision floating-point number with 13 significant digits.
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where bxkð�Þ is the current state value recursed from the state

vector at step ke1, which is the state prediction (a prior esti-

mate); bxk�1ðþÞ is the optimal estimate of the receiver’s kine-

matic state (a posteriori estimate).

2) The prior covariance of the error of bxkð � Þ:

Pkð� Þ¼APk�1ðþ ÞAT þQ (6b)

whereQ ¼
�
QH 0
0 Qv

�
is the process noise covariance; QH is the

variance of the displacement process; Qv is the variance of the

velocity process.

3) Kalman gain Kk at step k:

Kk ¼Pkð� ÞHT½HPkð�ÞHT þ R��1 (6c)

4) Posterior estimation of the kinematic states at step k:

bxkðþ Þ¼ bxkð� Þ þ Kk½zk �Hbxkð� Þ� (6d)
nal pre-processing.

0.06e0.07 0.08e0.10 0.11e0.12

0.0050 0.0049 0.0048

0.21e0.23 0.24e0.26 0.27e0.30

0.0044 0.0043 0.0042

0.59e0.64 0.65e0.69 0.70e0.73

0.0040 0.0041 0.0042

0.83e0.84 0.85e0.87 0.88e0.89

0.0046 0.0047 0.0048

0.97e0.98 0.99

0.0052 0.0053

listed with two significant digits. The actual simulation result was a
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5) Posterior estimation of the covariance of the error at

step k:

Pkðþ Þ¼ ½I�KkH�Pkð� Þ (6e)

where I ¼
�
1
1

�
is the unit vector.

2.3. Measurement of laser receiver acceleration

2.3.1. Measuring sensor
The MTi-300-2A5G4 attitude and heading reference system

(AHRS) produced by Xsens Technologies B.V. was used to

obtain the vertical acceleration of the laser receiver. It in-

tegrates a high-performance three-axis accelerometer, three-

axis vibration suppression gyroscope, three-axis magnetom-

eter, and high-end hardware such as a pressure sensor

(Fig. 2(a)). The AHRS is configured to output the z-axis free

acceleration (the acceleration in the Global coordinate system,

in East North Up, from which the local gravity is deducted). It
Fig. 4 e Laboratory experiment materials. (a) Par
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is the free acceleration that represents the vertical accelera-

tion of the receiver, and the free acceleration based on the

global frame is not affected by the attitude movement of the

vehicle (Fig. 2(b)).

2.3.2. Acceleration data preprocessing
The initial free acceleration output of the AHRS includes noise

and zero offset. Acceleration noise was processed by first-

order low-pass filtering. The filtering equation is presented

in Eq. (7).

YðkÞ¼ ð1�aÞYðk� 1Þ þ aXðkÞ (7)

where YðkÞ is the low-pass filter output at current step k, m

s�2; XðkÞ is the accelerometer sample value, m s�2; a is the

low-pass filter coefficient.

In order to select the optimal filter coefficient a, the static

free acceleration signal with a length of 60 min was collected.

Taking the signal sample standard deviation (Std.) as the

metric of selection, in Matlab 2016b, the traversal calculation
allel rail platform. (b) Hardware connection.

https://doi.org/10.1016/j.biosystemseng.2020.12.015
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of a was performed within the interval [0.01, 0.99] in in-

crements of 0.01. The results are presented in Table 1.

Table 1 shows that as the value of a increases, Std. of the

signal decreases first and then increases. When a ¼ 0:50, the

acceleration Std. reaches the minimum, decreasing from

0.00531998 to 0.00390391. We set a ¼ 0:50 to perform a first-

order low-pass filtering on the original sampled signal. The

filtered data had a constant zero bias of 0.075. The trend term

was extracted and removed using the least square method.

The acceleration preprocessing result is shown in Fig. 3.

2.3.3. Covariance matrix determination
The values of the process noise covariance matrix Q and the

observation noise covariance matrix R have important effects

on the KF filtering results. It is the ratio between Q and R, not
Fig. 5 e Calibration of the linea

Fig. 6 e Laboratory results of displacement es
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their individual values, that determines the performance of

the KF (Akhlaghi et al., 2017). Based on the estimation of the

variance DðaÞ of the pre-processed acceleration signal in Fig. 3

and the nature of the variance calculation, we obtained QH ¼
ð0:5T2

0Þ
2
DðaÞ, Qv ¼ T2

0DðaÞ. The value of R ¼ 5 was obtained by a

trial-and-error search after Q was determined.

2.4. Algorithm accuracy evaluation and validation

2.4.1. Laboratory experimental method
In order to validate the KFLA and evaluate its precision, a

parallel rail platform (Fig. 4(a)) was set up to conduct experi-

ments in Key Laboratory of Key Technology for South Agri-

cultural Machine and Equipment, Ministry of Education,

South China Agricultural University. The TOPCON RL-H4C
r motion transducer (LMT).

timation (range of motion: -77 e 77 mm).
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laser transmitter (Topcon Corporation, Japan (www.topcon.

co.jp)) was selected to provide the laser-scanning plane. The

effective range of the laser transmitter is 800 m. The laser

head can be self-levelled within ±5� and rotates at a speed of

600 rpm; i.e., the data update frequency of the laser receiver is

10 Hz. A linear motion transducer (LMT) (WXXY MILLAY,

WXXY15M-400-R, 0e300 mm, linearity 0.05%) was used to

measure the real-time height of the laser receiver, whose

readings was regard as the actual displacement of the receiver

movement.We calibrated the LMTwith a ruler (1mm) and the

voltage-displacement relationship can be expressed as

Length ¼ 49.77 � Voltage þ 2.449 (Fig. 5). The MicroAutoBox II

ds1401/1513/1514 produced by dSPACEwas used as the sensor

data processing and computing platform. The MicroAutoBox

communicates with the host computer (Lenovo X220, CORE i5,

8G) via peripheral high-speed bus (PHS), and the development

environment is Matlab 2016b. The laser receiver and the AHRS
Fig. 7 e Laboratory results of motion estimation (range of motio

Result of velocity estimation.
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communicate with MicroAutoBox via CAN bus and RS-232,

respectively. The signal type of the LMT is analogue voltage,

which can be sampled by the analogue-to-digital converter

(ADC) of the MicroAutoBox. GWINSTEK DC regulated power

supply (SPD-3606, 0e36 V, 0e6 A, �3mARMS) was used to

power both the MicroAutoBox and the auxiliary equipment.

The hardware connection mode is illustrated in Fig. 4(b).

The laser transmitter was set at a distance of 5m in front of

the laser receiver.We then turned on the laser transmitter and

waited for the laser head to self-level and start rotating. Then,

we aligned the PA2 to the laser-scanning plane; thus, the

initial state vector value is expressed as follows:

x0 ¼
�
S0
_S0

�
¼

�
0
0

�
(8)

We manually pushed and pulled the handle to make the

laser receiver alternately accelerate and decelerate on the
n: -11 e 11 mm). (a) Result of displacement estimation. (b)

http://www.topcon.co.jp
http://www.topcon.co.jp
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guide rail. dSPACE synchronously read (50 Hz) the height level

message transmitted by the receiver to the CAN bus, the AHRS

z-axis free acceleration, and the LMT voltage. At the same

time, MicroAutoBox fused the sensors online and output the

KFLA estimations of the laser receiver’s kinematic states.

During the experiment, we prevented the slider from colliding

with the limit stop to avoid introducing external acceleration

caused by the collision into the state calculation.

2.4.2. Field trial method
In order to examine the performance of the KFLA in dynamic

scenarios, the systemdescribed in Section 2was installed on a

paddy field laser levelling machine powered by a Kubota rice

transplanter: the laser receiver was installed on the upper part
Fig. 8 e Principle of field experiment. (a) Experiment platform: le

system.
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of the lifting mast, and the AHRS was installed on the lower

part of the liftingmast (Fig. 8). The experiment was conducted

in Zengcheng Teaching and Research Base, South China

Agricultural University. The size of the selected field was

100 m � 30 m (Fig. 9(a)). The soil of the field was compacted

and coveredwithweeds. A small part of the field ismuddy due

to incomplete drying. There were several wheel ruts distrib-

uted along the longitudinal direction and two artificially

excavated drainage ditches with a width of 30 cm and a depth

of 20 cm in the transverse direction (Fig. 9(b)).

The experimental steps can be listed as follows: 1) Set up

and turn on the laser transmitter, lift the scraper about 30 cm

off the ground, and fix the height to prevent the scraper from

being damaged during the travel; 2) adjust the lifting mast so
velling machine. (b) Levelling machine equipped with KFLA

https://doi.org/10.1016/j.biosystemseng.2020.12.015
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that the PA2 photocell can be aligned to the laser beam

emitted from the laser transmitter; 3) drive the leveller ma-

chine in the field at a working speed of 1 m s�1. The Micro-

AutoBox records the KFLA estimation (vertical distance

between point OL and OE in Fig. 8(b)) as well as the height level

indicated by the laser receiver.
3. Results and discussion

3.1. Accuracy of the KFLA methodology

After the experiment was completed, the KFLA results were

compared with the actual displacement measured by the LMT
74
(Fig. 6). Figure 6 shows that the actual displacement of the

receiver acquired by the LMT passes through the bars repre-

sented by the height level and corresponding deviation, indi-

cating that the photocell set is effective in displacement

measurements but has insufficient precision. The KFLA could

track the actual displacement curve of the receiver measured

by the LMT, and four kinematic states were recursively ac-

quired between every two height levels indicated by the

photocell set, thus increasing the height measurement fre-

quency from 10 Hz to 50 Hz. The MAE of the receiver

displacement estimated by the KFLA was 14.6 mm, and the

RMSE was 5.6 mm. The accuracy was higher than the height

level indicated by the photocell set. The ROI A (Range of In-

terest, ROI) showed that when the laser beammoved from PA2

https://doi.org/10.1016/j.biosystemseng.2020.12.015
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to PA3, although the height level jumped from �55 to �77, the

KFLA could continuously and precisely track themotion of the

laser receiver.

In the practical application of the implement height mea-

surement, more attention is paid to the sensing accuracy near

the target value. Therefore, another experiment was con-

ducted to push-and-pull the handles between±11mm to drive

the receiver back and forth for verifying the accuracy of the

KFLA’s estimation. The results are displayed in Fig. 7(a). The

MAE value was 5.7 mm, and RMSE was 1.9 mm. According to

the design of the state variables, the KFLA output also includes

the receiver’s velocity; thus, the first-order difference of the

displacement value measured by the LMT was used as a

reference to compare the receiver’s motion speed. The KFLA

output and displacement difference curves are shown in

magenta and blue, respectively, in Fig. 7(b). The KFLA esti-

mation of the receiver velocity well tracks the variations of the
Fig. 10 e Field experiment resu

Fig. 11 e Enlarged view of ROI A a
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reference curve. The enlarged view in Fig. 7(b) shows that the

process of the KFLA estimation is smoother.

Velocity information of working implement is indispens-

able to many kinds of control laws, like to proportio-

naleintegraledifference (PID) or fuzzy control. The KFLA can

provide an optimal estimation of the receiver’s velocity,

thereby expanding the selectivity of the related control algo-

rithms. In the process of validation, the error was analyzed

based on the metric provided by the LMT measurements.

However, due to the objective existence of non-linearity,

installation error, and calibration error, there are a few dif-

ferences between the measurements and actual values.

Particularly, when the displacement difference was taken as a

reference for the actual velocity of the receiver, the system

error andmeasurement noise were amplified, whichmade the

displacement difference no longer suitable as a reference for

the quantitative analysis of velocity. Therefore, only a quali-
lt of elevation estimation.

nd ROI B. (a) ROI A. (b) ROI B.
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tative analysis of the velocity estimation process was per-

formed. Thus, a more advanced velocity measuring technique

or device should be applied to assess the precision and accu-

racy of the velocity estimated by theKFLA in follow-up studies.

3.2. Field validation and performance of the KFLA
methodology

The comparative analysis results are displayed in Fig. 10.

Figure 10 shows that in the process of the levelling machine’s

contouring motion on the field surface, the photocell set

discretely indicates the level of the scraper height, while the

KFLA is able to estimate the kinematic states of the scraper

continuously. While the levelling machine was travelling

across the ditch shown in Fig. 9(b), the front wheels fell into

the ditch first. At the same time, the machine’s pitch angle

suddenly turned into negative, and the scraper rose to a

certain height. Similarly, while the rear wheels were entering

the ditch, the pitch angle of the vehicle became positive,

causing the scraper to descend suddenly. Figure 11(a,(b) are

partially enlarged views of ROI A and ROI B in Fig. 10,

respectively. While the vehicle was travelling through the

ditch, the mast height abruptly exceeded the receiver’s

effective sensing range. The KFLA used the equation of state to

recursively calculate the real-time height of the scraper when

themastmoved beyond the sensing range of the laser receiver

and no observation data were acquired, which would provide

reliable sensing information for the continuous control of the

implement.

4. Conclusions

In this study, a Kalman Filter based method (KFLA) was pro-

posed to fuse the laser receiver’s height level indicated by the

photocell set and the receiver’s acceleration to obtain a real-

time estimation of the 2D state vector composed of imple-

ment’s displacement and velocity.

Laboratory results of accuracy evaluation regarding to

displacement estimation showed that, for motion within

±77 mm, the MAE was 14.6 mm and RMSE was 5.6 mm; for

motion within ±11 mm, the MAE was 5.7 mm and RMSE was

1.9 mm. Meanwhile, results of velocity estimation were tally

with the reference curve but smoother. Field trial performed

to validate the KFLA performance under dynamic condition

showed that the KFLA was able to estimate the vertical kine-

matic states even if the scraper motioned out of the laser

receiver’s sensing range.

Overall, options for control laws on implement position

can be increased as the proposed KFLA not only improves

measurement precision of laser receiver up to sub-centimetre

level but also achieves the optimal estimation of velocity.

Additionally, compared with other non-contact distance

sensors such as GNSS, LiDAR, Ultrasonic, the KFLA has the

advantages of static zero position (measurement reference),

robust signal, and low cost. It can be used both indoor and

outdoor, in dry land or complex paddy field, which has great

potential for application in agricultural and constructional

engineering.
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Abstract
To improve the performance of piezoelectric (PZT) jetting dispensers in the electronic
packaging industry and address the problems of oversized, easily fatigued elastic hinges and
low repetition accuracy of conventional PZT jetting dispensers with a compliant
mechanism-based lever, a new double needle PZT jetting dispenser prototype was developed.
The advantage of the proposed structure over compliant mechanism-based lever was
demonstrated by dynamics analysis. Firstly, the design stroke of the needle and the modal state
of the dispenser body were analyzed using ANSYS. Secondly, the theoretical model of adhesive
injection was established, the fluid pressure change process inside the nozzle during the working
cycle of the jetting dispenser was simulated using Fluent, and the effects of the supply pressure
and needle stroke on the injection speed of the droplet were investigated. Finally, a test bench
was built to conduct the experiment, and the results showed that the supply pressure and the
driving signal duty cycle between 20% and 80% were positively correlated with the size of
droplet diameter, whereas the driving signal frequency was negatively correlated with the
droplet diameter, thereby validating the proposed adhesive injection model. Under the
experimental conditions, the highest operating frequency of the designed PZT jetting dispenser
was 400 Hz, which is close to the high-frequency level of existing studies, and the minimum
droplet diameter obtained was 0.36 mm, which is 0.1–0.2 mm less than that of the existing PZT
jetting dispenser with a compliant mechanism drive, meeting the industry requirements for the
working performance of a PZT jetting dispenser.

Keywords: piezoelectric stack, jetting dispenser, double needle, physical design,
performance analysis
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1. Introduction

The jetting dispenser [1, 2] is a device used for the precise
quantitative distribution of adhesives. It can inject the adhesive
onto any specified position on the workpiece according to the
required diameter or volume to realize the bonding between
structural parts. It is widely used in electronics packaging [3],
LED manufacturing [4], medicine [5], and other industries.
The main driving methods of the jetting dispenser include
piezoelectric (PZT) stack drive [6, 7], pneumatic drive [8],
and electromagnetic drive [9]. The PZT stack drive is the most
common among the three because of its large output force,
high-frequency response, and linear controllability. However,
limited by the packaging size, the PZT stack has a small
stroke and cannot meet the minimum displacement required
for the movement of the jetting dispenser. Therefore, mech-
anisms need to be designed to transmit and amplify the PZT
stack’s actuation. At present, most of the transmission is real-
ized using an elastic-compliant mechanism. Wang et al [10]
designed a jetting dispenser that used a triangular structure to
amplify displacement, injecting droplets as small as 1.07 mm.
Jeon et al [11] used elastic linear levers to amplify displace-
ment. Hu et al [12] designed a bridge-type compliant structure
with a linear lever for transmission, reaching an operating fre-
quency of up to 250 Hz. Moreover, other compliant mechan-
isms exist, such as rhombus [13] and nested rhombus [14]. The
compliant mechanisms used in these studies use the deforma-
tion of elastic materials to realize the transmission of motion
from the PZT stack to the needle. This structure requires the
needle to be fixed and connected with the compliant mechan-
ism to achieve a reset. In this way, as the needle rotates around
the rotating pair of the transmission mechanism, component
forces in both axial and radial directions will be generated, as
shown in figure 1(a). Axial force effectively drives the needle
to achieve adhesive jetting, whereas radial force accelerates
the friction between the needle and the sealing assembly, redu-
cing the life of oil sealings. For this reason, Deng et al [15]
designed a pin joint to coordinate radial motion. However,
the elastic rotating pair of the compliant mechanism was eas-
ily fatigued, which would affect the repeatability of elastic
deformation, and even lead to the failure of the jetting oper-
ation, such as jet-flow [16] and satellite drops [17, 18].

This study focuses on developing a new type of transmis-
sion mechanism for the jetting dispenser to avoid the problems
mentioned above. It improves the transmission of the driving
force and the amplification of displacement. Its advantages
include easy replacement of seals and adjustable displacement
of the needle. The remainder of this paper is organized as
follows. Section 2 presents the calibration of the stroke and
vibration effects of the designed jetting dispenser via theor-
etical analysis and ANSYS simulations. Section 3 discusses
a fluid dynamics model of adhesive injection in the nozzle
as well as a Fluent simulation of the adhesive injection pro-
cess. The factors that introduce additional cost or difficulty
in the experimental testing of adhesive injection are also dis-
cussed. Section 4 describes the fabrication of a prototype jet-
ting dispenser and the development of a test platform. The
experimental analysis tested the influence of the electrical

Figure 1. Schematic diagram of two transmission structures.

control parameters such as the supply pressure, driving sig-
nal frequency, and driving signal duty cycle on the diameter
of the adhesive droplets and verified the working performance
of the designed double needle jetting dispenser.

2. Structure design and working principle of jetting
dispenser

2.1. Dynamic performance comparison of two transmission
structures

The PZT stack is simplified as a spring system, and the load
(needle and spring) is simplified as a spring damping system,
as shown in figure 2. The dynamic models of the needle based
on rigid mechanism-based transmission lever and compliant
mechanism-based transmission lever are established respect-
ively, and their dynamic characteristics are compared.

Dynamic equationwith PZT stack as research object is built
as equation (1):

mptẍpt+ kptxpt = Fpt−F1, (1)

where, mpt is the mass of the PZT, kg; kpt is the stiffness of
the PZT, N m−1; xpt is the displacement of the PZT, m; Fpt is
the output force of the PZT, N; F1 is the force of the PZT on
transmission lever, N.

Dynamic equationwith load (needle and spring) as research
object is built as equation (2):

msẍs+µẋs+ ksxs = F2, (2)

2
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Figure 2. Dynamics model of piezoelectric jetting dispenser.

where, ms is the mass of the load, kg; xs is the displacement
of the load, m; ks is the stiffness of the load, N m−1; µ is the
damp of the load; F2 is the preload force of the spring on trans-
mission lever, N.

The torque equilibrium equation is built for the transmis-
sion lever as equation (3):

F1 · a−F2 · (a+ b) = 0, (3)

where, a is the length of AB, m; b is the length of BC, m.
According to lever principle, equation (4):

xpt
xs

=
ẋpt
ẋs

=
a

a+ b
. (4)

According to the output force of the PZT, equation (5):

Fpt = kpt(d33 · n · u− xpt), (5)

where, d33 is the strain coefficient, (N m−1); n is the number
of PZT patch; u is working voltage, V.
F1 can be solved according to equations (1) and (5):

F1 = kptd33nu−mptẍpt− kptxpt. (6)

Case I: rigid mechanism-based transmission lever
F2 can be solved according to equations (2) and (4). Sub-

stitute F1 and F2 into equation (3):

mptẍpt+ 2kptxpt+
a+ b
a

(msẍ2 +µẋ2 + ksx2) = kptd33nu. (7)

Laplace transformation of equation (7):

(mpts
2 + 2kpt)X1(s)+

a+ b
a

(mss
2 +µs+ ks)

×X2(s) = kptd33nU(s). (8)

Laplace transformation of equation (4):

X1(s) =
a+ b
a

X2(s), (9)

where, s is the operator of complex domain.

Substitute equation (9) into equation (8):

G1(s) =
X2(s)
U(s)

=
b0

a2s2 + a1s+ a0
, (10)

where, b0 = kptd33n, a0 =
2akpt
a+b +

(a+b)ks
a , a1 = a+b

a µ,

a2 = a
a+bmpt+

a+b
a ms.

Case II: compliant mechanism-based transmission lever.
The dynamic equation is built for the transmission lever as

equation (11):

Iθ̈−F1a+F2(a+ b) = 0, (11)

where, I is the moment of inertia of elastic material, m4;
θ̈ = ẍ1

a , is angular acceleration.
Substitute F1 and F2 into equation (11):(
mpt+

I2

a

)
ẍpt+ 2kptxpt+

b
a
(msẍ2 +µẋ2 + ksx2) = kptd33nu.

(12)
Laplace transformation of equation (12):

G2(s) =
X2(s)
U(s)

=
b0

a2s2 + a1s+ a0
, (13)

where, b0 = kptd33n, a0 =
2akpt
a+b +

(a+b)ks
a ,

a1 = a+b
a µ, a2 = a

a+bmpt+
a+b
a ms+

I
a(a+b) .

For the systems described by equations (10) and (13),

the undamped natural frequency is ωn =
√

a0
a2
, ωn1 > ωn2.

Therefore, under the same structural parameters, the
rigid mechanism-based transmission lever has better high-
frequency characteristic.

2.2. Physical design of jetting dispenser

Figure 3 shows a three-dimensional (3D) structural diagram,
and table 1 lists the structural parameters of the designed PZT
jetting dispenser. The parts of the device include dispenser
body, PZT, preload screw, PZT upper cap, transmission lever
(needle I), needle II, return spring, adjusting bolt, and nozzle
assembly (nozzle, nozzle nut, and oil sealing). The two ends
of the PZT are fixed with the ball head to prevent the PZT
from bearing tangential force when used. The PZT upper cap
was designed to fix and preload PZT. The two ball heads of
the PZT are in contact with the spherical surfaces on the PZT
upper cap and the transmission lever, respectively. The com-
pression spring is fixed and connected to the needle II to realize
the movement reset of the needle II, and the preload length of
the spring can be changed by adjusting the bolt. The nozzle is
fastened between the nozzle nut and the nozzle body, and its
stroke relative to the nozzle can be changed by adjusting the
nozzle nut.

During long-term use, the nozzle and the oil sealing are
vulnerable to wear and failure. To facilitate replacement, the
nozzle assembly is designed to be detachable and fixed to the
dispenser body by screws. There is a gap between the nozzle
body and the dispenser body. The heat released from the PZT
is isolated from the adhesive, in case the property change of
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Figure 3. 3D design structure diagram of double needle jetting
dispenser.

Table 1. Structural parameters of main parts of jetting dispenser.

Component Parameter Value

Piezoelectric
stack

Width × length × height 7 × 7 × 36 mm
Maximum displacement 38 µm
Stiffness 49 N µm−1

Capacitance 7.2 µF
Output force 1960 N
Displacement from hinge to
piezoelectric stack

4 mm

Lever Displacement from hinge to
needle

45.5 mm

Thickness 5 mm
Width 10 mm

Needle Length 38.75 mm
Diameter 1.5 mm

Nozzle Diameter 0.2 mm
Length 0.55 mm

the adhesive would affect the injection performance. Further-
more, it prevents the adhesive from leaking into the valve and
causing pollution.

2.3. Working principle of jetting dispenser

Before the jetting dispenser works, preload the PZT stack with
the preload screw according to equation (14):

T= 0.2Fd, (14)

where, T is the required preload torque, N m−1; F is the
required preload force, N; d is the screw diameter, m.

In Phase I, initially, the PZT is not energized. Subsequently,
under the action of adhesive supply pressure, the adhesive
begins to enter the nozzle cavity, as shown in figure 4(a). In
Phase II, PZT stretches after power-on, then drives the trans-
mission lever to move the needle downward. In the nozzle,
the adhesive is hit by the needle and gets kinetic energy to
inject, as shown in figure 4(b). Under the driving signal, the
PZT continuously elongates and recovers and drives the needle
to move up and down to reach the continuous injection of
adhesive.

Figure 4. Working process of jetting dispenser.

2.4. Simulation analysis of transmission lever

The primary condition for the completion of work of the jetting
dispenser is the reasonable displacement of the needle. If the
needle displacement is too small, the injection kinetic energy
of the adhesive in the nozzle cavity will be insufficient, and the
droplet will be prone to sticking to the nozzle, which affects the
dispensing quality. If the needle displacement is too large, the
upper limit of the working frequency of the dispensing valve
and the minimum volume of the adhesive drop will be limited.
Therefore, the designed stroke is approximately 0.2–0.4 mm
[19, 20]. To evaluate the influence of the preload on the output
displacement of the PZT, first, we need to determine the struc-
tural parameters of the transmission lever. Next, analyze the
high-frequency motion performance of the needle. And lastly,
carry out kinematics simulation calculation in ANSYS. We
need to import the needle and transmission mechanism mod-
els and the PZT and MEMS Body modules for the simulation.
They can couple the structural and electric fields in the PZT
material, which allows us to analyze the output displacement
of the needle after preloading the PZT. The simulation model
of the transmission link and needle is shown in figure 5(a), and
the simulation material parameters are listed in table 2.

Simulation parameters are set according to table 2. The
rotary pair is set between the lever and the body, and the ball
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Figure 5. Statics analysis of lever transmission mechanism.

head on the right side of the lever is in fixed contact with the
needle. The drive displacement of 38 µm is input at the contact
point between the PZT and the lever, and the output displace-
ment of the striker is calculated to be 360 µm by simulation,
as shown in figure 5(b). The leverage ratio is about 9.51. In the
simulation process, the loading voltage of the PZT stack was
gradually increased from 30 to 150 V, with an interval of 10 V.
The output displacement of the needle is shown in figure 6.
It can be seen that with the increase of the loading voltage,
the output displacement of the needle increases from 84.6 to
386.2 µm. The results show that the output displacement of
the PZT is directly related to the loading voltage. Therefore,
when the magnification ratio of the transmission mechanism
is 8–10 times, the designed needle stroke of 200–400 µm can
be achieved. Using the current design mechanism, the loading
voltage needs to be greater than 70 V, and the output displace-
ment of the needle can reach 200 µm, which meets the basic
displacement requirements of the adhesive injection. How-
ever, a larger loading voltage is likely to cause heat concen-
tration of the PZT stack, which seriously impacts its lifespan.
Therefore, the voltage of approximately 70–120 V is generally
appropriate.

Table 2. Materials and physical properties of main simulation
components of the injection valve.

Material Parameter Value Components

Carbide Density 7800 kg m−3 Needle
Poisson ratio 0.25
Young’s
modulus

5.7 × 1011 Pa

Bulk
modulus

3.8 × 1011 Pa

Shear
modulus

2.28× 1010 Pa

Steel Density 7850 kg m−1 Lever cap
Poisson ratio 0.3
Young’s
modulus

2.0 × 1011 Pa

Bulk
modulus

1.67× 1011 Pa

Shear
modulus

7.69× 1010 Pa

Ceramic
(Coremorrow,
DJF73601)

Density 3900 kg m−3 Piezoelectric
stack

Poisson ratio 0.36
Young’s
modulus

5.5 × 1011 Pa

Bulk
modulus

6.54× 1011 Pa

Shear
modulus

2.02× 1011 Pa

Figure 6. Output displacement of the needle under different loading
voltages.

To avoid the structural resonance of the jetting dispenser
under high-frequency working conditions, ANSYS is used to
conduct a modal analysis of the structure. The side of the
casing and the preload screw are set as fixed constraints, the
transmission mechanism and the casing form a pair of rotat-
ing pairs, and the friction coefficient is set at 0.1. The first six
modal mode shapes and resonance frequencies are obtained,
as shown in figure 7.
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Figure 7. Modal analysis results of jetting dispenser structure.

3. Fluid dynamics analysis of injection process

3.1. Inject theoretical model

As shown in figure 8, if we take the circular with the inner
radius of the nozzle as r, the length as dy, and the thickness as
dz, then the coordinate system is established according to the
distribution of adhesive in the nozzle cavity when the jetting
dispenser is working.

According to Newton’s second law, the force on the adhes-
ive in the nozzle is:

2πrdr ·P− 2πrdr

(
P+

∂P
∂Z

dz

)
− 2π (r+ dr)dz(

τ +
∂τ

∂r
dr

)
+ 2πrdz · τ + 2πrdrdz · ρg= 2πrdrdz · ρ · a

(15)

where ρ is the density of the circular adhesive (kg m−3); a is
the adhesive acceleration that is generated by the combined
effect of gravity g, the transverse shear force τ on the circular
ring, the pressure P on the upper surface of the ring and the
pressure P+ ∂p

∂z
on the lower surface.

Suppose dw
dt
is used instead of the acceleration a, wherew is

the instantaneous velocity of the circular adhesive (the nozzle
area is fixed and only varies in Z direction) equation (15) can
be converted to the following form:

Figure 8. Needle-nozzle hydrodynamic model.

− ∂P
∂Z

− 1
r
· ∂

∂r
(τ · r) = ρ

dw
dt

,0⩽ r⩽ Rn. (16)

The Bernoulli equation for viscous fluids yields the mech-
anical energy lost due to friction, where a unit length of adhes-
ive flow is a constant value of C, i.e:

dP
dZ

=
∆P
Ln

=
Pinput −Poutput

Ln
= C, (17)

where Pinput is the pressure of the inner surface of the nozzle,
Pa; Poutput is the pressure of the outer surface of the nozzle,
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which is the standard atmospheric pressure value, Pa; ∆P is
the pressure difference between the inner and outer surface of
the nozzle (Pa); and Ln is the length of the nozzle (mm).

The relationship between shear stress τ and adhesive vis-
cosity is obtained from the rheological model of the fluid,
given by

τ =−µ

(
−∂w

∂r

)n

, (18)

here n is the flow index and µ is the kinetic viscosity of the
adhesive, Pas.

When the adhesive is in the nozzle for constant flow, the
change in velocity dw

dt
= 0. By substituting equations (17)

and (18) into equation (16), we obtain:

∆P
Ln

−µ
1
r

∂

∂r

(
r

(
−∂w

∂r

)n)
= 0 , (19)

where under the no-slip boundary conditions,w= 0 for r= Rn;
τ0 = 0 for r= 0. Substituting the boundary conditions into
equation (19) yields the distribution of the adhesive flow velo-
city along the r direction as follows:

µ(r) =
n

n+ 1

(
∆p
2µLp

) 1
n (
R
1+ 1

n
p − r1+

1
n

)
. (20)

The volume flow rate Qn and the flow rate are related as

Qn =

Rnˆ

0

2πrw(r)dr (21)

From equation (21) we can obtain the average flow rate
_____
v(r)

of the adhesive in the nozzle and the volume Voutput of the out-
flowing adhesive as

v(r) =
Qn

πR2
n
=

∆P
8µLn

R2
n(n= 1) , (22)

Voutput =

tonˆ

0

Qn dt=
π

8
∆P
µLn

R4
nton (n= 1) , (23)

where ton is the time to energize the piezoelectric stack (s).

3.2. Numerical simulation of jet process

It can be seen from equation (23) that the speed and volume of
the droplet are related to the pressure difference between the
two ends of the nozzle, the diameter of the nozzle, the viscosity
of the adhesive, the stroke of the needle and other factors. To
further understand the injection process of the droplet when
the jetting dispenser is working, Fluent was used to simu-
late the working process of the jetting dispenser. Since the
whole model is a revolving body, the model is simplified to a
two-dimensional plane problem during simulation. Due to the
small size of the nozzle, its mesh is denser than other parts.
The results are shown in figure 9, and the specific simulation
parameters are shown in table 3.

Figure 9. Meshing diagram of the needle-nozzle model.

Table 3. Fluid simulation parameters.

Parameter Value

Dynamic viscosity 1.412 Pa s
Density of fluid 1.262 g cm−3

Surface tension 63.3 mN m−1

Nozzle length 0.5 mm
Feed pressure 0.1–0.9 MPa
Nozzle diameter 0.2 mm
Needle displacement 0.1–0.7 mm
Needle velocity 0.33 m s−1

The stroke of the needle was set to 0.4 mm. It hit the nozzle
at a speed of 0.3 m s−1. The pressure change process in the
nozzle cavity is shown in figure 10. Figure 11 shows the pres-
sure curve in the nozzle cavity during the injection process of
the jetting dispense.

Figures 10 and 11 show the process when the needle
squeezes the adhesive downward from the highest position
until it is injected. When the needle is just starting to move
downward, it is far from the nozzle, and the adhesive flows
upward along the outside of the striker and the inside of the
adhesive cavity under the extrusion of the needle. At this time,
the pressure of the adhesive near the nozzle is mainly the sup-
ply pressure. When the needle moves down to a small gap
from the nozzle, due to the viscous force and surface ten-
sion of the adhesive itself, it is difficult to pass through the
small gap and flow upward along the outside of the needle,
resulting in the continuous increase of the adhesive pressure
near the nozzle. At the same time, since part of the pressure
is converted into kinetic energy of the adhesive and the dis-
tance between the needle and the nozzle is getting narrower,
the pressure at the nozzle shows a steady increase. When the
needle hits the nozzle downward, the needle and the nozzle
are in a state of complete fit and the channel was cut off for
the adhesive to enter the nozzle, and the pressure in the adhes-
ive cavity suddenly decreases. Due to the uniform distribution
of injection velocity, the injected adhesive gradually forms a
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Figure 10. Cloud map of pressure distribution in the nozzle cavity during a working cycle of the jetting dispenser.

Figure 11. Pressure curve in the nozzle cavity.

spherical shape at the lower end, and under the action of sur-
face tension, the tail of the jet is broken, and the jet that leaves
the jetting dispenser reaches the bottom plate to form a com-
plete adhesive droplet.

3.3. Analysis of factors affecting droplet velocity

3.3.1. Influence of the stroke of the needle on the speed of
the droplet. The simulation results are shown in figure 12
for a needle stroke range of approximately 0.1–0.7 mm. The
simulation analysis is carried out at 0.1 mm intervals while
keeping other simulation parameters unchanged. It can be
seen from figure 11 that with the increase of the stroke of
the needle, the flow rate of the adhesive in the nozzle also
increases. This is because the stroke size of the needle determ-
ines the amount of adhesive that is fed into the nozzle cavity.
The larger the stroke, the larger the amount of adhesive feed,
which creates more pressure in the nozzle cavity. According
to equation (9), when∆P increases, the velocity of the droplet

Figure 12. Effect of needle stroke on droplet injection velocity.

injection increases. However, when the stroke is greater than
0.5 mm, the flow rate of the adhesive does not increase signi-
ficantly. This is due to the fact that when the needle is far away
from the nozzle, the extrusion of the needle has little effect on
the pressure near the nozzle, and an excessively large stroke
will limit the maximum operating frequency of the jetting dis-
penser. Therefore, according to the needs of different injecting
quantities, the stroke of the needle of 0.2–0.4 mm is generally
selected.

3.3.2. Influence of supply pressure on the injection speed of
droplet. The supply pressure is the main source of power in
the initial state of the adhesive, and is the main factor affect-
ing∆P in equation (9). The numerical simulation results of the
droplet injection velocity in the nozzle flow channel are shown
in figure 13, given that other simulation parameters remain
unchanged and only the supply pressure is varied. As can be
seen from figure 13, the velocity of the adhesive in the nozzle
flow channel is positively correlated with the supply pressure.
Based on the simulation results, it is inferred that increas-
ing the supply pressure can better complete the injection of
high viscosity and high flow rate adhesive, which is consistent
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Figure 13. Effect of different supply pressures on the droplet
injection speed.

with the analysis of equation (9); that is, increasing ∆P can
effectively improve the injection speed of glue droplets, but
too large of an injection speed will form satellite droplets and
scattering points.

4. Experiment

4.1. Materials and methods

To test the working performance of the designed jetting dis-
penser prototype and verify the correctness of the theoretical
model in section 3.1, the jetting dispenser system shown in
figure 14was built. The system is mainly composed of the PZT
jetting dispenser prototype, PZT stack (HPV-C type, BOSHI
precision measurement, and control), air pump (EWS 24–
680 W, Eluan), signal generator (UTG-2000B, UNI-TREND
technology), moving guide rail and adhesive droplet collect-
ing plate. To facilitate the adhesive’s cleaning and adjustable
viscosity range, a mixture of glycerin and alcohol with a mix-
ing ratio of 1:2 was prepared as the experimental object, and
the prototype used a nozzle with a diameter of 200 µm and
a needle with a diameter of 2 mm. The minimum diameter
of the droplet is the main indicator of the performance of the
prototype. The experiment mainly analyzes the influence of
the driving signal duty cycle, supply pressure, and operating
frequency on the quality of the droplet.

4.2. Influence of different driving signal duty ratios on the
droplet diameter

To analyze the influence of the duty ratio of the driving signal
on the diameter of the droplet, between 20% and 80%, at 10%
intervals, a pulse signal with a frequency of 100 Hz (the sup-
ply pressure is 0.6 MPa) was applied to the jetting dispenser.
The diameter change of the sprayed adhesive drop is shown
in figure 15. It can be seen that when the duty cycle increases
from 20% to 80%, the diameter of the droplet increases from
0.96 to 1.81 mm, indicating that the signal duty cycle is pos-
itively correlated with the droplet diameter. Essentially, the

Figure 14. Jetting dispenser experiment platform.

Figure 15. Effect of signal duty cycle on droplet diameter.

duty cycle determines the magnitude of the value of ton in
equation (23) and experimentally verifies the correctness of the
results. When the duty cycle is less than 20% because the force
of the needle to hit the nozzle is small or even resets without
hitting the nozzle, the injected droplet cannot overcome its
own adhesion, and the phenomenon of sticking occurs. When
the duty cycle is greater than 80%, due to the large force of
the needle hitting the nozzle at this time, the droplet obtains
large kinetic energy, and the droplet appears scattered. There-
fore, when the jetting dispenser is working, it is appropriate to
select a duty cycle of between 20% and 80%.

4.3. Influence of different supply pressure on the droplet
diameter

The supply pressure changes the value of∆P in equation (23)
and affects the size of the droplet. To verify the effect of
the glue supply pressure on the droplet diameter, the jetting
dispenser is connected to a drive signal with a frequency of
100 Hz and a duty cycle of 50%. The adhesive supply pres-
sures used were 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, and 0.8 MPa. The
diameter change of the injected droplets obtained by changing
the supply pressure is shown in figure 16. When the supply
pressure increases from 0.2 to 0.8 MPa, the diameter of the
injected droplets gradually increases from 0.81 to 2.06 mm,
indicating that the larger supply pressure extrusion produces

9

89



Smart Mater. Struct. 32 (2023) 035022 R Zhao et al

Figure 16. Effect of different supply pressures on droplet diameter.

Figure 17. Effect of different operating frequencies on droplet
diameter.

faster droplet injection speed. The size of the droplet can be
changed by changing the supply pressure, but excessive sup-
ply pressure will aggravate the wear of the oil sealing, and the
nozzle body is prone to leakage and other phenomena.

4.4. Influence of different signal frequencies on the droplet
diameter

The driving frequency of the jetting dispenser is the most
important performance parameter of the product and determ-
ines the value of ton in equation (23). To test the high fre-
quency performance of the jetting dispenser, the supply pres-
sure was set to 0.6 MPa, the duty cycle of the drive signal to
50%, and the frequencies to be used are 50, 70, 80, 100, 150,
200, 250, 300, 350, 400 Hz, respectively. Figure 17 shows the
change of the diameter of the droplet at different frequencies.
It can be seen from figure 17 that as the driving frequency
increases, the diameter of the droplet gradually decreases from

2.45 to 0.36 mm with the increase of the operating frequency.
In contrast, due to the increase of the signal pulse frequency,
the adhesive is not fully gathered into the adhesive cavity when
the needle is lifted a single time, and is squeezed and injected
by the needle, so the diameter also decreases. Owing to the
limitation of the physical properties of PZT stack, the theoret-
ical displacement cannot be achieved at high frequencies, and
the stroke of the needle is reduced, which will also lead to a
reduction in the diameter of the droplet.

5. Conclusion

In this study, a new prototype of double needle PZT injection
valve with rigid transmission lever is developed. Its struc-
tural advantage, key parameters and injection process are ana-
lyzed and verified through numerical modeling, simulation
and experiments. The transmission design of the jetting dis-
penser avoids the compliant mechanism that is often used in
the literature and has some shortcomings. In terms of func-
tion, it has the advantages of easy replacement of wearing parts
and mechanical adjustment of the size of the droplet. First,
the coupled dynamic simulation results of the PZT stack and
rigid body parts in ANSYS show that the maximum stroke of
the needle is 386 µm (150 V), and the first-order resonance
frequency of the device is 1186 Hz, which meets the require-
ments of the working conditions. Second, the fluid dynamics
model of the adhesive near the needle-nozzle was established
by analytical method, the numerical model was verified by
Fluent simulation, and the process of pressure change at the
nozzle when the jetting dispenser was working was discussed.
Both the needle stroke and the supply pressure are positively
related to the adhesive droplet injection speed. Finally, the
trial production prototype was tested, and the results showed
that: the supply pressure is positively correlated with the dia-
meter of the droplet; the duty ratio of the drive signal should
be between 20% and 80%, which is positively correlated with
the diameter of the droplet. The frequency of the drive sig-
nal is negatively correlated with the diameter of the droplet,
and under the experimental conditions, the highest operating
frequency of the designed PZT jetting dispenser is 400 Hz,
which reaches the high-frequency level of existing studies.
The minimum droplet diameter obtained is 0.36 mm, which
is approximately 0.1–0.2 mm smaller than the existing PZT
jetting dispenser with a compliant mechanism, meeting the
industry requirements for the performance of the PZT jetting
dispenser. In addition to the driving and air pressure, the struc-
ture of the needle and the nozzle also affected the jetting pro-
cess and shape of the adhesive droplet. Therefore, the develop-
ment of a multi-domain unified model of the jetting dispenser
and the combined influence of multiple factors on the jetting
performance will be studied in the future.
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Abstract: The recognition of fresh tea leaf sprouts is one of the difficulties in the realization of the

automated picking of fresh tea leaves. At present, the research on the detection of fresh tea leaf

sprouts is based on a single variety of tea leaves for a specific period or specific place, which has

no advantage for the spread, promotion, and application of the methods. To address this problem,

an identification of multiple varieties of tea sprouts (IMVTS) model was proposed. First, images of

three different varieties of tea (ZhongCha108 (ZC108), ZhongHuangYiHao (ZH), ZiJuan (ZJ)) were

obtained, and the multiple varieties of tea (MVT) dataset for training and validating models was

created. In addition, the detection effects of adding a convolutional block attention module (CBAM)

or efficient channel attention (ECA) module to YOLO v7 were compared. In the detection of the

MVT dataset, YOLO v7+ECA and YOLO v7+CBAM showed a higher mean average precision (mAP)

than YOLO v7, with 98.82% and 98.80%, respectively. Notably, the IMVTS model had the highest

AP for ZC108, ZH, and ZJ compared with the two other models, with 99.87%, 96.97%, and 99.64%,

respectively. Therefore, the IMVTS model was proposed on the basic framework of the ECA and

YOLO v7. To further illustrate the superiority of the model, this study also conducted a comparison

test between the IMVTS model and the mainstream target detection models (YOLO v3, YOLO v5,

FASTER-RCNN, and SSD) and the IMVTS model on the VOC dataset, and it is clear from the test

results that the mAP of the IMVTS model is ahead of the remaining models. Concisely, the detection

accuracy of the IMVTS model can meet the engineering requirements for the automatic harvesting of

autumn fresh famous tea leaves, which provides a basis for the future design of detection networks

for other varieties of autumn tea sprouts.

Keywords: fresh tea leaf sprouts; multiple varieties detecting; IMVTS; YOLO v7; ECA

1. Introduction

China is known as the home of tea. The country’s planting, output, consumption,
and export volume of tea are first in the world. The extensive demand for fresh tea leaves
requires effective support [1]. Famous tea is a representative of high-quality tea in China.
Its raw materials are one sprout and one leaf of a tea tree. Its harvesting is still mainly
manual and labor intensive, and there is a shortage of tea collectors [2]. To achieve the
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intelligent picking of fresh tea leaf sprouts, researchers use machine vision technology to
detect fresh tea leaves. Lei Zhang et al. [3] extracted the R, G, and B components of images
of collected fresh tea leaves and then processed the adaptive threshold of the B components.
A new component gray diagram was obtained in combination with the G components,
and the thresholds were enhanced by segmental transformation, thereby improving the
contrast between the tender leaves and the background, and then, the improved watershed
function was used to obtain a good division effect. Liang Zhang et al. [4] used Bayesian
inference to judge the principles and Bayes methods to build an identification model of
the fresh leaf collection status in order to detect purple rose tea tree sprouts in April in real
time. Although the above machine learning technology can accurately identify fresh tea
leaf sprouts, the identified fresh leaf image background environment is relatively single,
and the segmentation accuracy is greatly affected by the characteristics of the fresh tea leaf
sprouts. It is often difficult to overcome this shortcoming.

With the rapid development of artificial intelligence technology, the use of deep-
learning [5] target detection algorithms, such as Fast R-CNN [6], Faster R-CNN [7], You
Only Look Once (YOLO) [8], and Single Shot MultiBox Detector (SSD) [9], etc., are increas-
ingly applied in the agricultural field. In terms of fresh tea leaf sprout recognition, Yatao
Li et al. [10] used the YOLO v3 network to detect and identify fresh tea leaf sprouts on an
RGB-D image collected with an RGB-D camera and estimated the three-dimensional coordi-
nates of the fresh tea leaf picking position in the corresponding depth chart of the enclosure.
It reached 83.18%. Wenkai Xu et al. [11] proposed a detection and classification method for
the two-level integration network of the variability domain. This method combined YOLO
v3’s fast detection capacity and the high-precision classification ability of DenseNet201 to
achieve the accurate detection of fresh tea leaves. Yu-Ting Chen et al. [12] detected the OTTL
area in a tea tree image through the Faster R-CNN model and then identified the picking
point in the OTTL area with the FCN model to determine the three-dimensional coordinates
of the picking point. The YOLO model is currently a widely used detection network. It
adopts a one-stage algorithm. The network operates quickly, the memory occupation is
small, and it has a fast detection speed [13]. Based on inheriting the advantages of the
original YOLO model, YOLO v7 [14] has a higher detection accuracy and faster reasoning
speed compared to the previous YOLO series models because of its more complex network
structure and training techniques. However, because the YOLO v7 model uses only one
main convolutional neural network to predict the category and location of different targets,
it also improves the speed and makes the recognition accuracy lower. This may lead to
more missed inspections and misunderstandings when using YOLO v7 to detect fresh tea
leaf images. At the same time, the applicability of the models proposed in the existing
literature to fresh sprouts of different varieties of tea is unknown.

Consequently, this study used the YOLO v7 model as the basic framework to research
the identification of multiple varieties of fresh tea leaf sprouts and explored the impact of in-
tegrating CBAM and ECA mechanisms on YOLO v7 detection accuracy and generalization
effects. According to the results of the research, an IMVTS model was proposed to solve
the problem of high-precision detection of multiple tea species. In addition, to demonstrate
the superiority of the proposed IMVTS model in detection, comparison tests of the IMVTS
model with mainstream target detection models (YOLO v3, YOLO v5, FASTER-RCNN,
and SSD) and detection tests of the IMVTS model on VOC datasets were designed.

2. Materials and Methods

2.1. Experimental Data Collection and Preparation

2.1.1. Fresh Tea Leaf Image Collection and MVT Dataset Production

At the experimental base of the Tea Research Institute of the Chinese Academy of
Agricultural Sciences (Figure 1), a total of 277 fresh leaf images of 3 tea varieties were
collected, of which 90 images were ZhongCha108 (ZC108), 150 were ZhongHuangYiHao
(ZH), and 37 were ZiJuan (ZJ). The sampling date was 21 September 2022. The collected
fresh tea leaf images were made into a dataset of fresh leaves of multiple tea varieties that
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could be used to train and verify the network model and were named the MVT dataset.
An iQOO Neo3 mobile phone camera was used. The shooting angle was 30~60◦, and the
shooting distance was 30~50 cm. The images were stored in a JPG format, and the MVT
dataset images are shown in Figure 2. The open-source labeling tool Labellmg was used to
artificially label the sprout position on the fresh tea leaf images, and the labeled result was
saved in the PASCAL VOC format.
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The images of ZC108, ZH, and ZJ as the research objects are shown in Figure 2a–c. The
leaves of ZC108 are long oval in shape, green in color, slightly rumbled on the leaf surface,
and flat on the leaf body, and the sprouts are yellowish-green with less velvet. The leaves of
ZH are oval in shape, yellowish green in color, slightly elevated on the leaf surface, slightly
inflexed on the leaf body, and the sprouts are slender. ZJ is a large-leaved, medium-sprout
species. The leaf blade is upwardly slanting, willow-shaped, with an acuminate tip, and
purple in color. Its petiole is purple-red in color. These images can also provide data
support for future studies of other tea recognition models.

2.1.2. MVT Dataset Division

The 277 obtained images and corresponding labels were divided into training sets and
validation sets according to the proportion of training sets: validation sets (=9:1) so that the
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model training and validating in the later stage could be performed. To enrich the diversity
of samples and improve the robustness of the IMVTS model, the dataset was expanded
to 15,000 pieces of the original dataset, with increased or decreased brightness, increased
and decreased color saturation, and horizontal flip. The application process is shown in
Figure 3. After the enhancement, the number of sprouts of the fresh leaves of the three tea
varieties reached 59,337, of which the number of sprouts of ZC108 was 7429, the number of
sprouts of ZH was 18,902, and the number of sprouts of ZJ was 33,006.
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2.2. Establishment and Training of the IMVTS Model

2.2.1. Experimental Platform and Environmental Configuration

This study used a workstation equipped with the Ubuntu 18.04 operating system for
model training. The CPU was Intel i7 12700F (Shenzhen, China) and the GPU was 3080Ti.
The development environment was Pytorch 1.11. The development language was Python,
and vs. code software was used for debugging.

2.2.2. Establishment of the IMVTS Model

This study used the YOLO v7 model as the basic framework for the recognition of
multiple varieties of fresh tea leaf sprouts; the related research has shown that attention
mechanisms [15] such as SENet [16], CBAM [17], and ECA [18] improved the network
performance. Therefore, to improve the detection accuracy of YOLO v7’s original model
on the small target of fresh tea leaves, the effects of adding the CBAM or ECA attention
module to YOLO v7 on the detection effect were compared; the final IMVTS network model
structure obtained is shown in Figure 4. The IMVTS model mainly includes four parts:
input, backbone, head, and output. First, the collected tea leaf images undergo labellmg
and random data augmentation, then the tea leaf images are resized into 640 × 640 size RGB
images and input to the backbone network The backbone network features the processing
of fresh tea leaves with features. Second, the feature information extracted in the backbone
network is combined through the characteristics of the head to obtain the characteristics of
large, medium, and small sizes. Finally, the characteristics of the characteristic fusion are
sent to the REP and Conv module of the head section for detection, and the final result is
the output. The workflow of the algorithm is shown in Figure 5. The main network part of
the YOLO v7 model is mainly composed of convolution, the extended-ELAN (E-ELAN)
module, the MPConv module, and the SPPCSPC module. Among these, the E-ELAN
module is based on the original ELAN, changing the calculation block while maintaining
the original ELAN’s transition layer structure. The network can learn more features by
controlling the shortest and longest gradient path. It can resolve the relatively complicated
and variable problems that can be solved for the background environment and targets
appearing in the MVT dataset to extract more efficient features. The SPPCSPC module
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adds parallel MaxPooling operations to a convolution series to obtain different feelings
so that the algorithm can adapt to fresh tea leaf images of different resolutions and can
make the network speed faster; the accuracy of detecting fresh tea leaf sprouts will also
be improved. The main role of the MPConv module is to sample. The experience of the
current feature layer is expanded through MaxPooling and then integrated with the normal
convolutional fresh tea leaf sprout feature information. It can improve the generalization of
the network, suitable for the recognition scene of multiple varieties of tea leaf sprouts [19].
When introducing the attention module, the location information and detail information
of the feature information are extracted from the backbone, and there is less semantic
information [20]. Feature information is easily lost after processing for small targets such
as fresh tea leaf sprouts. To improve the detection accuracy of the YOLO v7 original model
for fresh tea leaves, an attention mechanism was added between the backbone and the
head. The structure of the attention module is shown in Figure 6. CBAM combines the
channel attention mechanism with the spatial attention mechanism. The CBAM module
conducts global average pooling and the largest global pooling for the input feature layer,
then learns the weight information of each channel through a shared full connection layer
and the Sigmoid function. Then, it learns the weight information of each point in the
space through a convolutional nucleus of 3 × 3 and the expansion coefficient of 2, and the
Sigmoid function. ECA is a channel attention mechanism. The ECA module changes the
two full connection layers to one-dimensional convolution. After the Sigmoid function is
passed, the channel weight information is obtained. This module avoids the dimension of
information and has good cross-channel information acquisition capabilities.

ffi

ff
ff

tt

tt
tt

tt tt

ffi tt

 

Figure 4. IMVTS model network structure diagram.
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Figure 6. CBAM and ECA module structure diagram.

2.2.3. Training Parameter Settings

When training the original model of YOLO v7 and the IMVTS model, only the thawing
training was performed. The thawing training set the total training generation epochs to
500; additionally, the batch size was set to 4, the initial learning rate of the model was set
to 0.01, the minimum learning rate was set to 0.0001, and the SGD optimizer was used
to optimize the model. The momentum parameters of the SGD optimizer were set to
0.937, and the torque annealing function was used to reduce the learning rate. In the same
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environment, the training loss curves of the YOLO v7 original model, YOLO v7+CBAM
model, and IMVTS model are shown in Figure 7.
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2.2.4. Model Evaluation Index

To evaluate the detection effect of the IMVTS model, this study used precision (P), recall
(R), F1 score, average precision (AP), and mean average precision (mAP) for measurement.
Among these, P is the ratio of the number of correctly predicted sprouts to the total number
of predicted sprouts in an image, R is the ratio of the number of correctly predicted sprouts
to the total number of true sprouts in an image, the F1 score is the equalization of P and
R, AP represents the accuracy of each kind of fresh tea leaf sprout recognition, and mAP
represents the average value of three kinds of fresh tea leaf sprout recognition. They are
calculated as follows (1)–(5):

P =
TP

TP + FP
× 100% (1)

R =
TP

TP + FN
× 100% (2)

F1 = 2
P × R

P + R
× 100% (3)

AP =
∫ 1

0
P(R)dR × 100% (4)

mAP =
∫ n

1

AP1 + AP2 + . . . + APn

n
(5)

where TP is the number of correctly predicted sprouts; FP is the number of falsely predicted
sprouts; FN is the number of true sprouts that were not predicted as sprouts; and n is the
number of fresh tea leaves. The values of the above parameters are obtained by counting
and tallying the target detection frames in the validation sets.

3. Results and Discussion

3.1. Model Identification Results and Comparative Analysis

3.1.1. Comparison of YOLO v7 Model, YOLO v7+CBAM Model, and IMVTS Model
Recognition Results

The YOLO v7 original model, YOLO v7+CBAM model, and IMVTS model were placed
in the same environment for detection. The obtained model evaluation indicators are shown
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in Table 1. It can be seen from Table 1 that after adding an attention mechanism module to
the YOLO v7 network, the P, R, F1 score, and mAP were improved. The precision value of
the IMVTS model was 99.76%, 0.10% higher than the YOLO v7+CBAM and 0.24% higher
than the YOLO v7 model. The recall value of the IMVTS model was 97.03%, 0.10% higher
than the YOLO v7+CBAM and 2.46% higher than the YOLO v7 model. The F1 score of the
IMVTS model was 0.98, as was that of the YOLO v7+CBAM model, which was 0.01 higher
than the YOLO v7 model. The mAP value of the IMVTS model was 98.82%, which was
0.02% higher than the YOLO v7+CBAM and 1.36% higher than the YOLO v7 model. In
summary, the IMVTS and YOLO v7+CBAM models were better than the detection effect of
the YOLO v7 model, and the IMVTS model had the best detection effect. This is because
the characteristic information of fresh tea leaf sprouts is easy to lose after processing.
After the ECA module is introduced, it uses a dynamic convolution nucleus to perform
1*1 convolution; it can be used to extract feature information in different areas, avoiding
the number of channel dimensions caused by learning channel attention information so
that the model can more effectively learn the top-level information, improving the position
prediction of the fresh tea sprouts, and at the same time, can reduce the model parameters,
thereby increasing the model performance. For the CBAM module, although it combines
the channel attention mechanism with the space attention mechanism, there is not enough
space for the information-rich feature space. For small targets, such as fresh tea leaf sprouts,
the actual effect is worse than the additional ECA module.

Table 1. Model performance indicator assessment comparison.

Model P (%) R (%) F1-Score mAP (%)

YOLO v7 99.52 94.57 0.97 97.46
YOLO v7+CBAM 99.66 96.93 0.98 98.80

IMVTS 99.76 97.03 0.98 98.82

3.1.2. Comparison of IMVTS Model with Mainstream Target Detection Models

To verify the advantages of the IMVTS model for multi-species tea fresh leaf shoot
detection, the IMVTS model was compared with four mainstream target detection models
(YOLO v3, YOLO v5, FASTER-RCNN, and SSD). The comparison experiments of the
models were trained and validated under the MVT dataset. The relevant parameters were
kept consistent during the experiment, and the detection effect of the model was evaluated
by P, R, F1-score, and mAP, and the results are shown in Table 2. The results show that
the IMVTS model proposed in this study improves in P, R, F1 values, and mAP relative to
the four mainstream target detection models. Among them, IMVTS improved P by 2.38%
and 1.79%, R by 7.02% and 6.31%, F1-score by 0.06 and 0.04, and mAP by 4.88% and 4.37%,
respectively, relative to YOLO v3 and YOLO v5. IMVTS has higher detection accuracy than
YOLO v3 and YOLO v5 because it not only inherits the advantages of the original YOLO
model but also achieves higher detection speed with the same computational resources
because it uses a faster convolution operation and a smaller model.

Table 2. Results of the model comparison test.

Model P (%) R (%) F1-Score mAP (%)

IMVTS 99.76 97.03 0.98 98.82
YOLO v3 97.38 90.01 0.92 93.94
YOLO v5 97.97 90.72 0.94 94.45

FASTER-RCNN 96.84 70.19 0.89 89.28
SSD 99.32 58.22 0.72 85.92

IMVTS improved P by 2.92%, R by 26.84%, F1s by 0.07, and mAP by 9.54% relative to
FASTER-RCNN. The reason for the improvement in detection accuracy is that FASTER-
RCNN uses resnet50 as the backbone, and its feature map only comes from the top-level
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features, while the MVT dataset has small targets, and there are occlusions and blurring
between targets, and only the features of the top-level of the network are used to predict the
targets in a single way to extract information, which is not conducive to the localization of
target frames. For IMVTS compared to SSD, P improved by 0.44%, R improved by 38.81%,
F1score value improved by 0.26, and mAP improved by 12.9%. This is because the SSD
model adopts a deep learning network of multi-scale characteristic fusion, but the use
of low-level feature information is not enough. At the same time, the resolution of the
SSD model is also low, resulting in an insufficient ability to recognize the small target SSD
model, which is not conducive to conducting small target detection tasks.

3.1.3. Results and Analysis of Ablation Test

In order to verify the effectiveness of the IMVTS model proposed in this study, different
optimization strategies (backbone, model size, and attention) were used in this study. An
ablation test was conducted, and the comparative results were shown in Table 3. As can
be seen from Table 3, the mAP of the original YOLO v7 model was 97.46%, and after the
introduction of the ECA attention mechanism, the mAP increased by 1.36% and reached a
peak of 98.82%. Therefore, YOLO v7 and ECA are taken as the basic framework to construct
the IMVTS model proposed in this study. In addition, the ablation experiments of four
mainstream target detection models (YOLO v3, YOLO v5, FASTER-RCNN, and SSD) were
also conducted in this study. It can be seen from Table 3 that the IMVTS model (consisting
of YOLO v7 and ECA) has the best detection effect.

Table 3. Results of ablation experiments.

Model Backbone Model Size Attention mAP (%)

ECA 98.82
YOLO v7 CBAM 98.80

NONE 97.46
YOLO v7 ECA 97.86

YOLO v7_x CBAM 97.73
NONE 96.58
ECA 94.26

YOLO v3 CBAM 94.20
NONE 93.94
ECA 96.03

YOLO v5_l CBAM 95.66
NONE 94.45

Cspdarknet ECA 95.83
YOLO v5_x CBAM 95.72

NONE 94.51
YOLO v5 ECA 94.28

YOLO v5_l CBAM 94.23
NONE 94.05

Convnext_tiny ECA 94.41
YOLO v5_x CBAM 94.30

NONE 94.12
ECA 90.24

Resnet50 CBAM 89.76
NONE 89.28

FASTER-RCNN ECA 87.77
Vgg CBAM 87.59

NONE 86.33
ECA 88.06

Vgg CBAM 87.24
NONE 85.92

SSD ECA 85.42
Mobilenetv2 CBAM 84.11

NONE 83.31
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3.1.4. IMVTS Model for VOC Dataset Detection Test

To further illustrate the effectiveness of the IMVTS model in practical engineering
applications, this study uses the IMVTS model to train and test the VOC dataset, which
includes images of birds, boats, buses, etc. The relevant parameters during the experiments
were all kept the same as in the previous training of the MVT dataset, and the detection
effect of the model was evaluated by P, R, F1-score, and mAP. Furthermore, a comparison
test with YOLO v7 was conducted, and the comparison results are shown in Table 4. From
Table 4, it can be seen that the IMVTS model has better detection results compared to the
original YOLO v7 model.

Table 4. Model comparison results.

Model P (%) R (%) F1-Score mAP (%)

IMVTS 87.79 72.20 0.79 83.85
YOLO v7 87.60 62.08 0.72 77.90

3.2. Comparison of Model Recognition Effects on the MVT Dataset

To further understand the detection effect of the models for images of fresh leaf sprouts
of different varieties of tea. The YOLO v7 and the IMVTS models were used to detect the
three different varieties of fresh tea leaves in the selected images. The detection results are
shown in Figure 8. It can be seen that the IMVTS model detected more fresh tea leaf sprouts
than the YOLO v7 model and had a better detection effect.

Figure 9 shows that when the YOLO v7 original model detects the three varieties of
fresh tea leaves, there is a misunderstanding phenomenon. This is because, in the process
of generating fresh tea leaf datasets, multiple fresh tea leaves and sprouts often appear in
the single picture taken, and these images have problems such as blurry, chaotic positions
and overlapping blocks of sprouts. As a result, the selection of the fresh tea leaf sprouts
by the frame of artificial labeling is not accurate enough, resulting in error detection of the
model. The IMVTS model can effectively reduce the misunderstanding phenomenon, and
the specific contrast is as follows.

The results of the original model of YOLO v7, YOLO v7+CBAM, and IMVTS are given
in Table 5. In Table 5, it is shown that the AP value of ZC108 can reach up to 99.87%; the
AP value of ZJ can reach up to 99.64%; and the AP value of ZH is 96.97%. It can also be
seen in Table 2 that compared with the ZC108 and ZJ varieties, the three models have a
worse detection effect with ZH. Considering that this study used the same model for all
three varieties of fresh tea leaf sprouts, the main reason should be in the images of the
fresh tea leaves. Therefore, fresh leaf sprouts and old leaf images of each of the three tea
varieties were selected for RGB color gamut analysis. The average and square differences
of the RGB of the fresh leaf sprouts and the old leaves of the three tea varieties are shown
in Figures 9 and 10. According to Figures 10 and 11, it can be seen that the differences
between the three channels of the sprouts and old leaves of ZC108 and the RGB of R, G,
and B are 8.33, 30.82, and 31.02, respectively; the differences between the three channels
R, G, and B of the square differences of stdRGB are 2.72, 4.79, and 8.04, respectively. The
differences between the three channels of the sprouts and old leaves of ZJ and the RGB of R,
G, and B are 42.75, 36.52, and 33.76, respectively; the differences between the three channels
R, G, and B of the square differences of stdRGB are 15.1, 13.89, and 15.35, respectively. It
can be seen that there is a relatively obvious RGB gap between ZC108 and ZJ sprouts and
old leaves. It is convenient for the model to distinguish the sprouts and old leaves when the
model is detected. The differences between the three channels of the sprouts and old leaves
of ZH and the RGB of R, G, and B are 1.34, 1.69, and 5.91, respectively; the differences
between the three channels R, G, and B of the square differences of stdRGB are 2.13, 6.11,
and 0.14, respectively. It can be seen that the RGB of the fresh leaf sprouts of ZH tea is very
low, so the detection accuracy of the model to the fresh leaves of ZH is low.
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Figure 8. Comparison of YOLO v7 and IMVTS detection results; (a) ZC108; (b) ZH; (c) ZJ.
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Figure 9. Errors in the detection of three kinds of fresh tea leaves; (a) ZC108; (b) ZH; (c) ZJ.

Table 5. Comparison of the AP results of different varieties of fresh tea leaves.

Model ZC108 (AP%) ZH (AP%) ZJ (AP%)

YOLO v7 99.79 93.30 99.30
YOLO v7+CBAM 99.87 96.89 99.64

IMVTS 99.87 96.97 99.64
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4. Conclusions

This study proposed an identification of multiple varieties of tea sprouts (IMVTS)
model for the detection of fresh leaf sprouts of multiple tea species. The model training
and validating dataset of multiple varieties of tea (MVT) consisted of images of three repre-
sentative tea varieties (ZC108, ZH, and ZJ) in Zhejiang Province. To verify the correctness
and advantages of the proposed model, IMVTS was compared with YOLO v7 and YOLO
v7+CBAM. The results showed that the IMVTS model had the best detection effect, and
the mean average precision (mAP) on the MVT dataset was 98.82%, which improved in
comparison with YOLO v7 and YOLO v7+CBAM. In addition, this study also conducted
comparison tests of the IMVTS model with mainstream target detection models (YOLO
v3, YOLO v5, FASTER-RCNN, and SSD) and the IMVTS model on VOC datasets, and
the results also demonstrated the superiority of the proposed IMVTS model. The average
precision (AP) values of IMVTS for detecting ZC108, ZH, and ZJ tea leaves were 99.87%,
96.97%, and 99.64%, respectively. Among these, the ZH AP value was lower than those
of ZJ and ZC108 because the difference in mean RGB and the difference in variance RGB
between sprouts and old leaves in ZH images is smaller, and the colors of the object and
background are close, making detection more difficult. In summary, the IMVTS model can
improve the detection accuracy of fresh leaf sprouts of three varieties of tea, which can meet
the requirements for the automatic picking of fresh leaves of the autumn famous tea and
provide a basis for the future detection of fresh leaves of additional varieties of autumn tea.
Future research will further focus on the improvement and design of the network structure
as the IMVTS model detects objects such as ZH that are not clearly distinguished from
the background.
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水稻收获无人驾驶运粮车粮厢图像轻量化分割模型研究
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摘要: 针对目前无人驾驶水稻收获机向运粮车转卸稻谷时,依靠收获机和运粮车的北斗定位信息决策卸粮臂位置

控制,对靶精度难以保证问题,提出一种粮厢图像视觉分割模型 GTSM,为卸粮臂对靶提供粮厢位置参考信息。 在

DeepLabv3 + 结构基础上,使用轻量化主干 ShuffleNetv2 替换 Xception,将 ASPP 模块中空洞卷积替换为深度可分离

卷积,然后低秩分解为微因子分解卷积,以减小模型复杂度和提高运行速度;在浅层特征分支引入 SE 通道注意力

机制,提高模型对粮厢边缘、纹理等低级特征利用能力。 试验结果显示,GTSM 平均交占比和平均像素准确率分别

达到 96. 06% 和 98. 69% ,较基准 DeepLabv3 + 分别提升 0. 78、0. 67 个百分点;同时,模型复杂度明显改善,参数量和

内存占用量仅为原来的 1 / 9,推理速度提高 166% 。 试验结果表明,提出的 GTSM 兼顾分割精度和推理速度,可为田

间运粮车粮厢自动化分割提供参考依据。
关键词: 水稻收获; 运粮车; 无人驾驶; 粮厢图像分割; DeepLabv3 + ; 多机协同作业
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Research on Lightweight Image Segmentation Model for
Grain Tank of an Unmanned Grain Cart in Rice Harvesting
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Abstract: Aiming to address the issue of low targeting accuracy in controlling the unloading arm position
during rice transfer from unmanned rice harvesters to grain transport vehicles, which relies on Beidou
positioning information of the harvester and transport vehicle, a GTSM network for visual segmentation of
grain compartment images was proposed to provide positional reference information for the unloading arm.
Based on the DeepLabv3 + architecture, the lightweight ShuffleNetv2 backbone replaced Xception, and
the atrous convolutions in the ASPP module were replaced with depthwise separable convolutions,
followed by low-rank decomposition into micro-factorized convolutions to reduce model complexity and
improve inference speed. Additionally, an SE channel attention mechanism was introduced in the shallow
feature branch to enhance the model, s ability to utilize low-level features such as grain compartment
edges and textures. Experimental results showed that GTSM achieved a mean intersection over union
(mIoU) of 96. 06% and a mean pixel accuracy (mPA) of 98. 69% , representing improvements of 0. 78
and 0. 67 percentage points, respectively, over the baseline DeepLabv3 + . Meanwhile, model complexity
was significantly reduced, with parameter count and memory usage reduced to 1 / 9 of the original, and
inference speed was increased by 166% . These results demonstrated that the proposed GTSM balanced
segmentation accuracy and inference speed, providing a reference for automated grain compartment
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segmentation in field grain transport vehicles.
Key words: rice harvesting; grain cart; driverless operation; grain tank image segmentation; DeepLabv3 + ;

multi-vehicle collaboration operation

0 引言

在水稻机械化收获过程中,受粮厢容量限制,收
获机需多次往返田间与卸粮点[1] 。 通过合理配置

运粮车转运粮食,可有效提升收获效率[2] 。 人工驾

驶模式下,操作人员通过调整收获机与卸粮臂位置

和角度,可使其精准对准运粮车粮厢。 而在无人驾

驶收获机 运粮车协同作业场景中,卸粮行为完全依

赖运粮车与收获机的相对位置决策系统[1] ,若二者

位置控制或卸粮臂定位出现偏差,将直接导致卸粮

臂与运粮车粮厢对接失效,致使卸粮任务失败。 为

实现精准对靶与高效卸粮,要准确感知收获机与运

粮车的空间相对位置和姿态,图像分割可有效提取

粮厢边界与位置信息,为后续的定位与控制决策提

供支撑。
视觉传感器可以感受视野内的语义信息,结合

深度学习算法,实现特定目标的分割和提取[3 - 5] 。
但是,受推理速度的限制,难以在边缘设备实际应

用。 为此,部分学者通过网络结构优化[6 - 11] 去除冗

余参数,平衡模型分割精度和推理速度,开发适合资

源受限等嵌入式设备的部署模型。
基于深度学习的语义分割在田间道路识别、病

害分割、作物提取等任务的应用,验证了复杂大田环

境下模型分割的有效性及可行性。 针对运粮车粮厢

颜色与水稻作物颜色相近,卸粮臂出谷过程有大量

粉尘影响图像质量,田间光线变化大,粮厢边缘有其

它设备导致轮廓不明显的问题,本文基于精度较高

的 DeepLabv3 + 模型进行粮厢分割实验。 为平衡模

型分割准确性与推理速度,满足在嵌入式等轻量化

设备的部署,提出一种轻量化运粮车粮厢分割模型

( Grain tank segmentation model, GTSM ), 基 于

DeepLabv3 + ,选择轻量化的 ShuffleNetv2 替换原网

络中的特征提取主干,引入微因子分解卷积替换空

间空洞金字塔池化模块 ( Atrous spatial pyramid
pooling,ASPP)中的空洞卷积,以减少模型参数量并

提高推理速度;在主干输出浅层特征分支引入通道注

意力机制,以提高模型对粮厢边缘特征的提取能力。

1 材料与方法

1. 1 运粮车图像获取和标注

在广东省河源市东源县柳城镇万绿智慧无人农

场(24. 012 180° N,115. 118 903° E)采集运粮车图

像共 3 891 幅。 采样时间为 2024 年 11 月 1—3 日,
采样设备为 Redmi K50 Pro 手机,成像分辨率为

4 000 像素 × 3 000 像素,以 jpg 格式保存,图像示例

如图 1a 所示,包含运粮车粮厢有稻谷和无稻谷两种

情况。 经过人工筛选,选取 678 幅图像作为数据集,
按照比例 9: 1划分为训练集和验证集,得到训练集

共 610 幅图像,验证集共 68 幅图像。 采用 Labelme
对原始图像的运粮车粮厢和背景进行精确划分,像
素值分别被标记为 0 和 1,通过可视化操作赋予对

应像素颜色值,标签样例如图 1b 所示。

图 1 运粮车数据集示例

Fig. 1 Grain transport vehicle dataset example
 

图 2 随机样本扩增流程图

Fig. 2 Random sample augmentation process

1. 2 数据增强

由于较大的图像分辨率影响训练效率,采用等

比例缩放并填充图像至 512 像素 × 512 像素。 为了

提高模型泛化能力,适应复杂田间环境,在训练过程

中采用随机样本扩增的方式增加数据量,流程如

图 2 所示,包括随机翻转、随机旋转、色域变换和高

斯模糊等方法。 每种方法触发概率为 50% 。 其中,
随机翻转包括水平和垂直方向,随机旋转有旋转角

度 90°、180°或 270°,以解决方向不变性问题;色域

791第 6 期          赵润茂 等: 水稻收获无人驾驶运粮车粮厢图像轻量化分割模型研究

121



变换在 HSV 色彩空间进行, 色相调整幅度为

± 10% , 饱和度调整幅度为 ± 30% ,明度调整幅度

为 ± 25% , 可以较好模拟田间复杂光线变化;为模

拟农机震动导致成像模糊,设置高斯模糊均值为 0、
标准差为 1。 数据增强效果如图 3 所示。

图 3 数据增强效果

Fig. 3 Data augmentation effect
 

1. 3 运粮车粮厢快速分割模型

DeepLabv3 + [12] 为经典语义分割网络架构,包
含编码器(Encoder)和解码器(Decoder)两部分。 编

码阶段先通过特征主干网络 Xception 进行下采样,
  

获得浅层特征送入解码器,在空间金字塔池化模块

通过不同膨胀率的空洞卷积和池化操作,利用不同

感受野进行多尺度信息提取,获得深层特征。 在解

码阶段,深层特征经过上采样恢复分辨率后与浅层

特征 融 合, 最 终 通 过 双 线 性 插 值 ( Bilinear
interpolation)上采样后恢复图像原始尺寸,输出像素

级分割结果。
得益于包含大量参数的 Xception 特征提取主

干[13]和复杂度较高的空间空洞金字塔池化模

块[14] ,标准的 DeepLabv3 + 网络分割精度高,但也限

制了其在轻量化嵌入式设备的部署。 因此,为了减

少模型参数量、降低计算复杂度,提高推理速度,采
用 ShuffleNetv2 作为轻量化特征提取主干,并引入微

因子分解卷积,通过低秩分解降低 ASPP 模块参数

量。 考虑到运粮车粮厢边缘不规则,存在非目标干

扰因素,导致边缘分割精度不高的问题,在主干提取

低级特征输出后引入 SE 注意力机制,赋予不同通

道关注权重,提高模型对颜色、边缘和纹理等浅层特

征的学习能力,GTSM 结构如图 4 所示。

图 4 GTSM 结构

Fig. 4 GTSM structure
 

1. 3. 1 ShuffleNetv2 轻量化特征提取主干

ShuffleNetv2[15]是以模型运行速度为优化对象

的轻量级网络架构,旨在保证模型性能的同时大幅

减小参数量并加快运算速度。 输入图像依次经过第

1 阶段的 3 × 3 卷积核和全局最大池化进行两次下

采样,然后重复 3 个相同的单元( stage)进行深层特

征提取。 每个单元都由 stride 为 1 的基本模块和

stride 为 2 的下采样模块组成,两者结构如图 5 所

示,每个模块均含 2 个分支,通过拼接(Concat)后进

行通道重排(Channel Shuffle)。 经过 5 次下采样后,
特征图尺寸变为原来的 1 / 32,通过 1 × 1 卷积调整

通道数为类别数,经过全局池化得到全连接层后

分类。
本 研 究 提 出 将 ShuffleNetv2 模 块 作 为

DeepLabv3 + 轻量化特征提取主干,网络结构及详细

参数如表 1 所示。 在改进标准 ShuffleNetv2 网络过

程中,首先,综合考虑分割精度和计算效率,选择宽

度因子为 1. 5 的 ShuffleNetv2 作为基准特征提取主

干;其次,去除用于调整输出通道数的 1 × 1 卷积、
GAP 和 FC,使得特征提取主干的输出通道数为

704;随后,替换 32 倍下采样为 8 倍下采样,即将

Stage3 和 Stage4 中下采样模块的深度卷积 stride 调

整为 1;最后,为了扩大感受野,将 Stage3 和 Stage4
中的深度卷积替换为深度膨胀卷积,具体地,Stage3
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图 5 ShuffleNetv2 模块图

Fig. 5 ShuffleNetv2 module diagram
 

表 1 ShuffleNetv2 轻量化特征提取主干结构

Tab. 1 Lightweight ShuffleNetv2 feature
extraction backbone structure

层
输出尺寸 /

(像素 × 像素)
卷积核

大小
步长 空洞率

重复

次数

输出

通道数

Image 512 × 512 3
Conv1 256 × 256 3 × 3 2

1 24
MaxPool 128 × 128 3 × 3 2

Stage2
64 × 64 2 1

176
64 × 64 1 3

Stage3
64 × 64 1 2 1

352
64 × 64 1 2 7

Stage4
64 × 64 1 4 1

704
64 × 64 1 4 3

中的卷积核膨胀率和填充设置为 2,Stage4 中的膨

胀率和填充则设置为 4,以确保特征图输出尺寸保

持 不 变。 通 过 上 述 改 进, ShuffleNetv2 作 为

DeepLabv3 + 的轻量化特征提取主干,既降低了模型

复杂度,又确保了足够语义信息供 ASPP 模块使用,
提升了整体性能和效率。
1. 3. 2 微因子分解卷积和 ASPP 模块优化

微因子分解卷积( Micro-factorized convolution,
MFC) 由微分解点卷积 ( Micro-factorized pointwise
convolution,MF PWC) 和微分解深度卷积( Micro-
factorized depthwise convolution,MF DWC) 两部分

组成,通过分解逐点卷积和深度卷积,降低网络连通

性,提高计算效率。
微分解深度卷积在空间维度将一个标准卷积核

拆分成多个小卷积核,具体表现为分解 k × k 大小的

深度卷积核为 k × 1 和 1 × k,计算量则由 O(k2C)降

低到了 O( kC),C 为特征通道数,分解过程如图 6
所示。

微分解点卷积将标准 1 × 1 点卷积因式分解为

图 6 微分解深度卷积分解

Fig. 6 Micro-factorized depthwise convolution
decomposition

 
2 个自适应点组卷积,中间插入通道重排,进而实现

特征通道的压缩与扩展,矩阵分解过程如图 7 所示。
计算复杂度由 O(C2 )变为 O(2C2 / (RG)),G 为分组

数,R 为压缩因子。 为保证计算复杂度降低的同时,
使得通道间尽可能连接,应满足关系[16]

G = C
R (1)

图 7 微分解点卷积矩阵分解

Fig. 7 Micro-factorized pointwise convolution
matrix decomposition

 ASPP 模块使用不同空洞率的空洞卷积扩展感

受野,实现多尺度信息融合,避免了局部特征和全局

上下文信息的丢失,然而,不同空洞率的卷积并行排

列,增加了模型参数和计算量。 为了降低模型复杂

度,提高计算效率,在保留空洞卷积空洞率的情况

下,将卷积替换为深度可分离卷积,初步减少参数

量,再引入微因子分解卷积对深度可分离卷积进行

低秩分解,进一步减小模型参数量,降低模型复

杂度。
1. 3. 3 注意力机制

注意力机制用于提升模型对重要特征的关注能

力,诸如 SE[11 - 18] 、 ECA[19 - 20] 、 SAM、 CBAM[21 - 23] 、
CA[24 - 25]等注意力机制已经大量应用于识别、分类

和分割等任务,取得了显著的效果。 为准确分割粮

厢边缘,使边缘纹理、颜色特征提取更加高效,本研

究在浅层特征分支引入 SE 通道注意力机制。
SE 注意力机制[26]通过自适应调整每个通道的

权重,支持网络强化更重要的特征通道,通过压缩、
激励和重新加权 3 个阶段实现,其结构如图 8 所示。
输入特征图 X∈RH × W × C,其中,H 为高度,W 为宽度,
C 为通道数。

首先,对每个通道进行全局平均池化,将每个通

道的空间信息压缩为一个数值,公式为

sc = Fsq(xc) = 1
HW Σ

H

i = 1
Σ
W

j = 1
xc( i,j) (2)
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图 8 SE 模块结构

Fig. 8 SE module architecture
 

得到一个 C 维的向量 s = ( s1 ,s2 ,…,sC),代表每个

通道的全局描述。 接下来,通过 2 个全连接层 W1 、
W2对向量 s 进行非线性变换,将每个通道的评分转

换为介于 0 到 1 之间的权重,过程表示为

z = Fex(s,W) = σ(W2δ(W1s)) (3)
式中 σ———Sigmoid 激活函数

δ———ReLU 激活函数

最后,将生成的通道权重与原始特征图对应的

每个通道进行逐元素相乘,得到特征图 ～X,表达式为

～X = Fscale( zc,xc) = zcxc (4)
1. 3. 4 Dice Focal 损失函数

为了应对粮厢分割过程正负样本不平衡,缓解

粮厢边缘轮廓不规则导致边缘识别和分割效果欠佳

的问题,在原有交叉熵损失的基础上,融合 Dice 损

失和 Focal 损失。 Focal 损失 LFL、Dice 损失 LDice(p,g) 、
总损失 Ltotal的计算式为

LFL(pt) = - αt(1 - pt) γ lgpt (5)

LDice(p,g) = 1 -
2Σ

N

i = 1
pigi

Σ
N

i = 1
pi + Σ

N

i = 1
gi

(6)

Ltotal = λ1LCE + λ2LFL + λ3LDice (7)
式中 pt———模型对真实类别的预测概率

αt———调节正负样本重要性的平衡因子

γ———聚焦系数,用于调整难易分类样本的

权重

pi———第 i 像素预测为目标类别的概率

gi———第 i 像素真实标签

LCE———交叉熵损失函数

Σ
N

i = 1
pigi———预测与真实标签重叠区域

Σ
N

i =1
pi + Σ

N

i =1
gi———预测与真实标签的总区域

λ1 、λ2 、λ3 ———权重

2 结果与讨论

2. 1 试验环境

本研究的模型试验均在 64 位 Windows 10 操作

系统下进行,内存为 64 GB,显卡为 NVIDIA GeForce
RTX 3090,搭载 Intel ( R) Core ( TM) i9 10980XE

CPU 处理器。 计算机采用深度学习框架 Pytorch
1. 10. 0 版本,安装 CUDA 12. 6 版本进行并行计算,
Python 版本为 3. 8。
2. 2 评价指标

评价语义分割模型的效果,从性能、推理速度和

复杂度等多方面衡量。 性能指标采用平均交占比

(Mean intersection over union,mIoU)、平均像素准确

率( Mean pixel accuracy, mPA); 推理速度用帧速

(Frames per second,FPS)来衡量;复杂度包括浮点

运算量、 参数量 ( Parameter count) 和内存占用量

(Model size),评价模型在嵌入式设备部署的适用性。
2. 3 不同注意力机制对比

为了使得模型充分利用粮厢颜色、边缘等低级

特征,提升对目标区域的关注度,在浅层特征分支输

出添加不同的注意力模块进行对比。 表 2 展示了分

别将 CA、ECA、SE、SAM、CBAM 注意力机制引入标

准 DeepLabv3 + 时粮厢分割性能。

表 2 不同注意力机制性能对比

Tab. 2 Comparison of different attention mechanisms
%

添加注意力模块 mIoU mPA
CA 95. 15 97. 81
ECA 95. 18 98. 00
SE 95. 39 98. 08
SAM 95. 24 98. 02
CBAM 95. 25 97. 88

  由表 2 可得,加入 CA、ECA、SE、SAM、CBAM 5
种注意力机制,mIoU 相较于标准 DeepLabv3 + 模型

分别提高 0. 05、0. 05、0. 26、0. 11、0. 12 个百分点,
mPA 分别提高 0. 04、0. 23、0. 31、0. 25、0. 11 个百分

点。 相较而言,得益于 SE 注意力模块在捕捉通道

信息方面的优势,强化了粮厢边缘、颜色特征表达,
从而提高了 DeepLabv3 + 模型分割效果, mIoU 和

mPA 分别达到 95. 39% 和 98. 08% 。
2. 4 不同模型性能对比

为了评价 GTSM 性能,采用 UNet、DeepLabv3 + 、
PSPNet 主流语义分割模型,在自建运粮车数据集上

采用相同配置参数训练,均添加 Dice Focal 损失函

数。 各模型训练过程损失曲线如图 9 所示,损失值

随着训练轮次的增加而减小,并趋于收敛,没有发生

过拟合现象。 在验证集上对比不同模型的 mIoU、
mPA、参数量、内存占用量和浮点运算量,结果如

表 3 和图 10 所示,图 10 中图像 1 ~ 5 分别对应情

况:粮厢有稻谷的标准对靶视角、粮厢无稻谷的标准

对靶视角、卸粮臂正在出粮、卸粮臂复杂转角和远距

离小目标粮厢。
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图 9 模型训练损失曲线

Fig. 9 Training loss
 

表 3 不同模型性能对比

Tab. 3 Comparison of performance of different models

  模型 主干网络 平均交占比 / % 平均准确率 / % 参数量 内存占用量 / MB 浮点运算量 推理速度 / ( f·s - 1 )
UNet VGG 93. 39 97. 51 2. 489 × 107 94. 95 2. 258 4 × 1011 33. 75
DeepLabv3 + Xception 95. 29 98. 02 5. 490 × 107 209. 42 8. 342 0 × 1011 16. 14
PSPNet ResNet 94. 06 97. 59 4. 913 × 107 187. 40 1. 944 0 × 1011 33. 73
GTSM ShuffleNetv2 96. 07 98. 69 5. 620 × 106 21. 43 2. 404 0 × 1010 42. 93

图 10 不同模型分割结果

Fig. 10 Segmentation results of different models
 

  由表 3 可见,GTSM 性能指标表现较好,mIoU
达 到 96. 07% , mPA 为 98. 69% , 较 基 准 模 型

DeepLabv3 + 分别提高 0. 78、 0. 67 个百分点, 较

UNet 模型分别提高 2. 68、1. 18 个百分点,较 PSPNet
模型分别提高 2. 01、1. 1 个百分点。 此外,GTSM 参

数量仅 5. 62 × 106 ,内存占用量 21. 43 MB,规模远小

于其他模型,浮点运算量和推理速度分别为 2. 404 0 ×
1010和 42. 93 f / s,相比其他模型复杂度更低,推理速

度更快,更适合部署到资源受限的移动设备,提供准

确、高效的卸粮目标区域实时检测。
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观察图像 1,4 种模型分割效果相近,可以很好

分割出粮厢区域;由于图像 2 粮厢中有稻谷,PSPNet
和 UNet 对于粮厢内外稻谷区分能力不足,导致错误

识别 粮 厢 外 水 稻 为 目 标 区 域; 图 像 3 中 除 了

PSPNet,其他模型对于粮厢轮廓分割效果较好,但对

白色卸粮臂分割效果稍欠;图像 4 中除了 GTSM,其
余模型对于卸粮臂复杂转角分割效果不佳,PSPNet
仍错误划分粮厢外稻杆为目标区域;图像 5 的粮厢

是远距离小目标,各模型识别能力不足。 综合来看,
GTSM 分割效果较好,与基准网络 DeepLabv3 + 相

近,说明其在模型参数量大幅减少的情况下仍保持

较好分割效果,另外,得益于浅层网络分支引入的通

道注意力机制,使模型更适合粮厢轮廓分割,得到平

滑分割曲线结果,而对于图像 4 复杂转角和图像 5
等小样本视角,后续可以通过扩充数据集的方式提

升模型泛化性能。
2. 5 消融试验

为了验证提出的改进方法对于粮厢分割任务

的有效性,在自建数据集进行消融试验,并与基准

网络 DeepLabv3 + 对比。 消融试验结果如表 4 所

示,各模型训练参数一致,均添加 Dice Focal 损失

函数。

表 4 消融试验结果

Tab. 4 Ablation experiments

试验

序号
Backbone SE ASPP Dw ASPP

Micro
ASPP

mIoU /
%

mPA /
%

参数量
内存占用

量 / MB
浮点运算量

推理速度 /

( f·s - 1 )
1 Xception - ■ - - 95. 29 98. 02 5. 49 × 107 209. 42 8. 342 × 1010 16. 22
2 ShufflNetv2 - ■ - - 95. 95 98. 63 1. 04 × 107 39. 62 2. 893 × 1010 45. 79
3 ShufflNetv2 - - ■ - 95. 80 98. 53 6. 08 × 106 23. 20 2. 452 × 1010 44. 38
4 ShufflNetv2 - - - ■ 95. 96 98. 61 5. 62 × 106 21. 43 2. 404 × 1010 42. 36
5 ShufflNetv2 ■ ■ - - 96. 10 98. 64 1. 04 × 107 39. 62 2. 893 × 1010 42. 37
6 ShufflNetv2 ■ - ■ - 95. 94 98. 59 6. 08 × 106 23. 20 2. 452 × 1010 43. 82
7 ShufflNetv2 ■ - - ■ 96. 07 98. 69 5. 62 × 106 21. 43 2. 404 × 1010 42. 93

  注:■表示引入此模块; - 表示没有引入此模块;Dw ASPP 表示使用深度可分离卷积改进 ASPP 模块;Micro ASPP 表示使用微因子分解

卷积改进 ASPP 模块。

  表 4 显示, DeepLabv3 + 的特征提取主干由

Xception 替换为轻量化模块 ShuffleNetv2 后,虽然参

数量减小 81% ,但是模型分割精度没有降低,反而

有小幅提高,得益于 ShuffleNetv2 以运行速度为直接

优化目标,使得模型复杂度大大降低,计算量减少

65% ,推理速度提高 29. 57 f / s,达到 45. 79 f / s。 对

比试验 2、5,试验 3、6,以及试验 4、7,SE 注意力机制

的加入一定程度上提升了模型分割性能,但没有增

加较多的参数,而且对计算复杂度和推理速度没有

影响,表明 SE 模块能够很好地捕捉和利用低级特

征通道间的相关信息,从而改善分割结果,并保持模

型的轻量化。 对比试验 2、3、4 和试验 5、6、7,采用

深度可分离卷积和微因子分解卷积改进 ASPP 模型

后,模型参数量、计算量以及内存占用量逐步减小,
但性能指标变化不大,表明深度可分离卷积和微因

子分解卷积在不影响 ASPP 模块利用深层特征的情

况下,均能够有效降低模型复杂度。 对比试验 1、7,
改进模型不仅便于在轻量化的嵌入式设备部署,还
能够很好地完成粮厢实时检测任务。

3 结论

(1)围绕无人驾驶收获机向运粮车转卸稻谷

时,卸粮臂对运粮车粮厢位置精准定位的需求,提出

一种 Grain tank segmentation model( GTSM),对运粮

车粮厢图像分割。
(2)以运粮车粮厢快速分割为研究目标,针对

现有模型复杂度高、推理速度慢的问题,提出轻量化

GCSM 结构。 该模型参数量 5. 62 × 106 ,内存占用量

21. 43 MB,仅为基准网络的 1 / 10,浮点运算量为

2. 404 × 1010 ,平均推理速度达 42. 93 f / s,满足轻量

化部署和实时性检测需求。
(3)为提高粮厢分割精度,采用 ShuffleNetv2 作

为轻量化特征提取主干,在主干浅层特征输出引入

SE 通道注意力,并采用微因子分解卷积对 ASPP 模

块低秩分解,进一步降低模型参数量。 试验证明,
GTSM 性能均高于 UNet、PSPNet 和 DeepLabv3 + ,粮
厢分割平均交占比达到 96. 07% ,平均像素精度达

到 98. 69% ,满足田间运粮车粮厢自动化分割需求。
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!3H;<L B: 4BJMF<]BMG<:@<L 1:HIX;G;

! 46?A4PG;P<:=!ST1?ACH:=RJH:!TW3HB<!21?8G!?5WV<:RJH:!V1?A8JH:XJH:!15.G:=! (#+ "

BB
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履带式除草机路径跟踪误差补偿改进型 ＭＰＣ控制方法

赵润茂１，２ 　 丁帅奇１，２ 　 何　 杰１，２ 　 满忠贤１，２ 　 贺子豪１，２ 　
阮庆强１，２ 　 胡　 炼１，２ 　 魏正辉１，２

（１． 华南农业大学工程学院， 广州 ５１０６４２； ２． 农业装备技术全国重点实验室， 广州 ５１０６４２）

摘要： 为解决除草机器人作业受颠簸路面侧滑滑移等外界干扰从而导致路径跟踪上线距离长、直线误差大等问题，
提出一种误差补偿的履带式除草机模型预测控制路径跟踪方法。 首先基于履带式除草机器人运动学特性建立了

线性误差模型，然后设计了以控制增量为状态量的目标函数、控制量与控制增量为约束条件的模型预测控制算法

（ＭＰＣ）。 最后针对除草机路径跟踪过程中因左右两侧履带滑移滑转而产生的误差，在系统控制量中进行补偿，进
而得出最优控制量。 基于 Ｍａｔｌａｂ ／ Ｓｉｍｕｌｉｎｋ 仿真环境对控制器性能进行验证，结果表明，在速度 １ ｍ ／ ｓ 下，相对于传

统 ＭＰＣ 控制器，误差补偿型 ＭＰＣ 控制器在 ３ 种不同初始状态下上线距离均减少 ２６％ 以上，上线后直线段路径跟

踪横向偏差与航向偏差均降低 １０％与 ２１％以上。 为验证本文所提方法，设计了 ４ 组除草机路径跟踪试验。 相较于

传统 ＭＰＣ 控制器，误差补偿型 ＭＰＣ 控制器在速度 １ ｍ ／ ｓ 下，针对初始位置偏差分别为 ０. ５ ｍ 和 １ ｍ、航向偏差为 ０°
的状态，上线距离分别减少 １４. ５％和 １９. １％ 。 上线后直线段路径跟踪平均横向偏差分别降低 ２１. ０５％ 和 ２９. ４％ ，
平均航向偏差分别降低 １６. ７％和 ２０. ８％ 。 在初始位置偏差 １ ｍ、航向偏差 ４５°的状态，上线距离减小 １０. １％ ，上线

后直线段路径跟踪平均横向偏差和航向偏差分别降低 １８. ７５％和 １５. ７％ 。 在速度 ０. ５ ｍ ／ ｓ 下，初始位置偏差 １ ｍ、
初始航向角偏差 ０°的状态，上线距离减少 １６. ２％ ，上线后直线段路径跟踪平均横向偏差和航向偏差分别降低

２１. ４％和 １５. ２％ 。 误差补偿型 ＭＰＣ 控制器可以明显减少除草机上线距离，并提升直线段的跟踪精度，为除草机除

草作业高精度路径跟踪提供保障。
关键词： 履带式除草机； 模型预测控制； 误差补偿； Ｍａｔｌａｂ ／ Ｓｉｍｕｌｉｎｋ； 路径跟踪
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ｗｅｅｄｉｎｇ ｒｏｂｏｔｓ ｗａｓ ｐｒｏｐｏｓｅｄ． Ｆｉｒｓｔｌｙ， ａ ｌｉｎｅａｒ ｅｒｒｏｒ ｍｏｄｅｌ ｗａｓ ｅｓｔａｂｌｉｓｈｅｄ ｂａｓｅｄ ｏｎ ｔｈｅ ｋｉｎｅｍａｔｉｃ
ｃｈａｒａｃｔｅｒｉｓｔｉｃｓ ｏｆ ｔｈｅ ｔｒａｃｋｅｄ ｗｅｅｄｉｎｇ ｒｏｂｏｔ． Ｔｈｅｎ ａｎ ＭＰＣ ａｌｇｏｒｉｔｈｍ ｗｉｔｈ ｃｏｎｔｒｏｌ ｉｎｃｒｅｍｅｎｔ ａｓ ｔｈｅ ｓｔａｔｅ
ｑｕａｎｔｉｔｙ ａｎｄ ｃｏｎｔｒｏｌ ｑｕａｎｔｉｔｙ ａｎｄ ｃｏｎｔｒｏｌ ｉｎｃｒｅｍｅｎｔ ａｓ ｔｈｅ ｃｏｎｓｔｒａｉｎｔ ｃｏｎｄｉｔｉｏｎｓ ｗａｓ ｄｅｓｉｇｎｅｄ． Ｆｉｎａｌｌｙ， ｔｏ
ｃｏｍｐｅｎｓａｔｅ ｆｏｒ ｔｈｅ ｅｒｒｏｒｓ ｃａｕｓｅｄ ｂｙ ｔｈｅ ｓｌｉｄｉｎｇ ａｎｄ ｓｌｉｐｐｉｎｇ ｏｆ ｔｈｅ ｌｅｆｔ ａｎｄ ｒｉｇｈｔ ｔｒａｃｋｓ ｄｕｒｉｎｇ ｔｈｅ ｐａｔｈ
ｔｒａｃｋｉｎｇ ｐｒｏｃｅｓｓ ｏｆ ｔｈｅ ｗｅｅｄｉｎｇ ｍａｃｈｉｎｅ， ｔｈｅ ｃｏｍｐｅｎｓａｔｉｏｎ ｗａｓ ｍａｄｅ ｉｎ ｔｈｅ ｓｙｓｔｅｍ ｃｏｎｔｒｏｌ ｑｕａｎｔｉｔｙ， ａｎｄ
ｔｈｅ ｏｐｔｉｍａｌ ｃｏｎｔｒｏｌ ｑｕａｎｔｉｔｙ ｗａｓ ｏｂｔａｉｎｅｄ． Ｔｈｅ ｐｅｒｆｏｒｍａｎｃｅ ｏｆ ｔｈｅ ｃｏｎｔｒｏｌｌｅｒ ｗａｓ ｖｅｒｉｆｉｅｄ ｉｎ ｔｈｅ Ｍａｔｌａｂ ／
Ｓｉｍｕｌｉｎｋ ｓｉｍｕｌａｔｉｏｎ ｅｎｖｉｒｏｎｍｅｎｔ． Ｔｈｅ ｒｅｓｕｌｔｓ ｓｈｏｗｅｄ ｔｈａｔ ａｔ ａ ｓｐｅｅｄ ｏｆ １ ｍ ／ ｓ， ｃｏｍｐａｒｅｄ ｗｉｔｈ ｔｈｅ
ｔｒａｄｉｔｉｏｎａｌ ＭＰＣ ｃｏｎｔｒｏｌｌｅｒ， ｔｈｅ ｅｒｒｏｒ ｃｏｍｐｅｎｓａｔｉｏｎ ｔｙｐｅ ＭＰＣ ｃｏｎｔｒｏｌｌｅｒ ｒｅｄｕｃｅｄ ｔｈｅ ｏｎｌｉｎｅ ｄｉｓｔａｎｃｅ ｂｙ
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ｍｏｒｅ ｔｈａｎ ２６％ ｕｎｄｅｒ ｔｈｒｅｅ ｄｉｆｆｅｒｅｎｔ ｉｎｉｔｉａｌ ｓｔａｔｅｓ， ａｎｄ ｔｈｅ ｌａｔｅｒａｌ ｄｅｖｉａｔｉｏｎ ａｎｄ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ ｏｆ ｔｈｅ
ｓｔｒａｉｇｈｔ⁃ｌｉｎｅ ｐａｔｈ ｔｒａｃｋｉｎｇ ａｆｔｅｒ ｇｏｉｎｇ ｏｎｌｉｎｅ ｗｅｒｅ ｒｅｄｕｃｅｄ ｂｙ ｍｏｒｅ ｔｈａｎ １０％ ａｎｄ ２１％ ， ｒｅｓｐｅｃｔｉｖｅｌｙ． Ｔｏ
ｖｅｒｉｆｙ ｔｈｅ ｐｒｏｐｏｓｅｄ ｍｅｔｈｏｄ， ｆｏｕｒ ｇｒｏｕｐｓ ｏｆ ｗｅｅｄｉｎｇ ｍａｃｈｉｎｅ ｐａｔｈ ｔｒａｃｋｉｎｇ ｅｘｐｅｒｉｍｅｎｔｓ ｗｅｒｅ ｄｅｓｉｇｎｅｄ．
Ｃｏｍｐａｒｅｄ ｗｉｔｈ ｔｈｅ ｔｒａｄｉｔｉｏｎａｌ ＭＰＣ ｃｏｎｔｒｏｌｌｅｒ， ｔｈｅ ｅｒｒｏｒ ｃｏｍｐｅｎｓａｔｉｏｎ ｔｙｐｅ ＭＰＣ ｃｏｎｔｒｏｌｌｅｒ ｒｅｄｕｃｅｄ ｔｈｅ
ｏｎｌｉｎｅ ｄｉｓｔａｎｃｅ ｂｙ １４. ５％ ａｎｄ １９. １％ ｒｅｓｐｅｃｔｉｖｅｌｙ ｗｈｅｎ ｔｈｅ ｉｎｉｔｉａｌ ｐｏｓｉｔｉｏｎ ｄｅｖｉａｔｉｏｎ ｗａｓ ０. ５ ｍ ａｎｄ １ ｍ
ａｎｄ ｔｈｅ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ ｗａｓ ０° ａｔ ｓｐｅｅｄ ｏｆ １ ｍ ／ ｓ． Ｔｈｅ ａｖｅｒａｇｅ ｌａｔｅｒａｌ ｄｅｖｉａｔｉｏｎ ａｎｄ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ
ｏｆ ｔｈｅ ｓｔｒａｉｇｈｔ⁃ｌｉｎｅ ｐａｔｈ ｔｒａｃｋｉｎｇ ａｆｔｅｒ ｇｏｉｎｇ ｏｎｌｉｎｅ ｗｅｒｅ ｒｅｄｕｃｅｄ ｂｙ ２１. ０５％ ａｎｄ ２９. ４％ ， ａｎｄ １６. ７％
ａｎｄ ２０. ８％ ， ｒｅｓｐｅｃｔｉｖｅｌｙ． Ｗｈｅｎ ｔｈｅ ｉｎｉｔｉａｌ ｐｏｓｉｔｉｏｎ ｄｅｖｉａｔｉｏｎ ｗａｓ １ ｍ ａｎｄ ｔｈｅ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ ｗａｓ
４５°， ｔｈｅ ｏｎｌｉｎｅ ｄｉｓｔａｎｃｅ ｗａｓ ｒｅｄｕｃｅｄ ｂｙ １０. １％ ， ａｎｄ ｔｈｅ ａｖｅｒａｇｅ ｌａｔｅｒａｌ ｄｅｖｉａｔｉｏｎ ａｎｄ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ
ｏｆ ｔｈｅ ｓｔｒａｉｇｈｔ⁃ｌｉｎｅ ｐａｔｈ ｔｒａｃｋｉｎｇ ａｆｔｅｒ ｇｏｉｎｇ ｏｎｌｉｎｅ ｗｅｒｅ ｒｅｄｕｃｅｄ ｂｙ １８. ７５％ ａｎｄ １５. ７％ ， ｒｅｓｐｅｃｔｉｖｅｌｙ．
Ａｔ ａ ｓｐｅｅｄ ｏｆ ０. ５ ｍ ／ ｓ， ｗｈｅｎ ｔｈｅ ｉｎｉｔｉａｌ ｐｏｓｉｔｉｏｎ ｄｅｖｉａｔｉｏｎ ｗａｓ １ ｍ ａｎｄ ｔｈｅ ｉｎｉｔｉａｌ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ ｗａｓ
０°， ｔｈｅ ｏｎｌｉｎｅ ｄｉｓｔａｎｃｅ ｗａｓ ｒｅｄｕｃｅｄ ｂｙ １６. ２％ ， ａｎｄ ｔｈｅ ａｖｅｒａｇｅ ｌａｔｅｒａｌ ｄｅｖｉａｔｉｏｎ ａｎｄ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ
ｏｆ ｔｈｅ ｓｔｒａｉｇｈｔ⁃ｌｉｎｅ ｐａｔｈ ｔｒａｃｋｉｎｇ ａｆｔｅｒ ｇｏｉｎｇ ｏｎｌｉｎｅ ｗｅｒｅ ｒｅｄｕｃｅｄ ｂｙ ２１. ４％ ａｎｄ １５. ２％ ， ｒｅｓｐｅｃｔｉｖｅｌｙ．
Ｔｈｅ ｅｒｒｏｒ ｃｏｍｐｅｎｓａｔｉｏｎ ｔｙｐｅ ＭＰＣ ｃｏｎｔｒｏｌｌｅｒ ｃａｎ ｓｉｇｎｉｆｉｃａｎｔｌｙ ｒｅｄｕｃｅ ｔｈｅ ｏｎｌｉｎｅ ｄｉｓｔａｎｃｅ ｏｆ ｔｈｅ ｗｅｅｄｉｎｇ
ｍａｃｈｉｎｅ ａｎｄ ｉｍｐｒｏｖｅ ｔｈｅ ｔｒａｃｋｉｎｇ ａｃｃｕｒａｃｙ ｏｆ ｔｈｅ ｓｔｒａｉｇｈｔ⁃ｌｉｎｅ ｓｅｇｍｅｎｔ， ｐｒｏｖｉｄｉｎｇ ａ ｇｕａｒａｎｔｅｅ ｆｏｒ ｈｉｇｈ⁃
ｐｒｅｃｉｓｉｏｎ ｐａｔｈ ｔｒａｃｋｉｎｇ ｏｆ ｔｈｅ ｗｅｅｄｉｎｇ ｍａｃｈｉｎｅ ｄｕｒｉｎｇ ｗｅｅｄｉｎｇ ｏｐｅｒａｔｉｏｎｓ．
Ｋｅｙ ｗｏｒｄｓ： ｔｒａｃｋｅｄ ｗｅｅｄｉｎｇ ｍａｃｈｉｎｅ； ｍｏｄｅｌ ｐｒｅｄｉｃｔｉｖｅ ｃｏｎｔｒｏｌ； ｅｒｒｏｒ ｃｏｍｐｅｎｓａｔｉｏｎ； Ｍａｔｌａｂ ／ Ｓｉｍｕｌｉｎｋ；

ｐａｔｈ ｔｒａｃｋｉｎｇ

０　 引言

人工除草需要消耗大量的体力、精力，且除草效

果不佳。 而大量喷洒除草剂虽起到了对杂草的抑制

作用，但易造成环境污染，不符合可持续发展理

念［１ － ２］。 随着我国农业机械化的快速发展，智能除

草机器人是当代农业发展现代化、精细化、智能化的

重要体现［３ － ４］。 路径跟踪控制算法作为智能除草机

器人导航作业的核心环节，其性能水平直接决定了

除草机器人自主导航作业的精度与稳定性，对除草

作业的整体效率和质量有着决定性影响。 所以探究

除草机路径跟踪控制算法具有关键意义。
路径跟踪控制方法主要包 括 ＰＩＤ 跟 踪 控

制［５ － ６］、纯跟踪控制（Ｐｕｒｅ ｐｕｒｓｕｉｔ ｃｏｎｔｒｏｌ） ［７ － ８］、线性

二 次 型 最 优 控 制 （ Ｌｉｎｅａｒ ｑｕａｄｒａｔｉｃ ｏｐｔｉｍａｌ
ｃｏｎｔｒｏｌ） ［９ － １０］ 以及模型预测控制 （Ｍｏｄｅｌ ｐｒｅｄｉｃｔｉｖｅ
ｃｏｎｔｒｏｌ） ［１１ － １２］等。 文献［１３ － １４］所设计控制算法均

提高了除草机路径跟踪精度，但未考虑滑移滑转问

题对控制精度的影响。 文献［１５ － １７］均整合了滑

动参数补偿机制，但其在线参数估计过程涉及复杂

的运算，不仅制约了系统的动态响应能力，还增加了

对硬件处理能力的依赖性。 文献［１８ － １９］均针对

履带式割草机的滑移滑转问题对控制算法进行改进

并提升了控制精度，但未进行实时滑移滑转误差补

偿。 因此，针对履带式车辆路径跟踪过程中存在的

滑移滑转问题，进行滑移滑转误差补偿对进一步提

升跟踪控制精度至关重要。
本文以履带式除草机器人为研究平台，基于履

带式除草机器人运动学模型设计一种基于模型预测

的路径跟踪控制算法，结合履带式车辆路径跟踪过

程中滑移导致的转向误差，引入误差补偿。 针对模

型预测路径跟踪控制器进行 Ｍａｔｌａｂ ／ Ｓｉｍｕｌｉｎｋ 仿真

验证，并开展除草机路径跟踪试验，以验证提出方法

的可行性。

１　 路径跟踪控制器设计

图 １　 履带式除草机运动学模型

Ｆｉｇ． １　 Ｋｉｎｅｍａｔｉｃ ｍｏｄｅｌ ｏｆ ｔｒａｃｋｅｄ ｗｅｅｄｉｎｇ ｍａｃｈｉｎｅ

１. １　 除草机器人线性误差模型

试验所选用的履带式除草机行进依靠驱动电机

带动两侧履带，作业速度一般为 ０. ５ ～ １. ０ ｍ ／ ｓ，属于

低速行驶车辆，因此可以采用运动学模型设计轨迹

跟踪控制器［２０ － ２１］。 以履带式除草机右转方式为例，
构建的运动学模型如图 １ 所示，建立平面坐标系

ＸＯＹ，（ｘ１，ｙ１）为除草机在坐标系中的位置坐标（即
控制中心），以 Ｘ 正方向为基准逆时针方向与车体

之间的夹角 φ 表示车体在坐标系中的航向角，Ｂ 为

两侧履带之间的距离，Ｒ 为瞬时转向半径，当前除草

机前进速度 ｖ、瞬时转向半径 Ｒ 和转向角速度 ω 都

可以通过左右两侧履带速度 ｖ１ 和 ｖ２ 获得。
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由图 １ 可得履带式除草机运动学模型为
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由除草机运动学模型可知，Ｘ ＝ （ｘ，ｙ，φ）为除草

机状态量，Ｕ ＝ ｕ（ ｖ，ω）是控制输入。 状态空间模型

中，输出变量是系统的位置信息，用于导航控制。 本

文所设计的路径跟踪控制器为 ＭＰＣ，相比于非线性

模型预测控制 （ＮＭＰＣ），线性时变模型预测控制

（ＬＴＶ ＭＰＣ）算法具有更低的计算复杂度和更快的

计算速度，适合实时性较高的应用场景［２２ － ２３］。 因

此，为了确保除草机在路径跟踪中的实时性需求，将
车辆的非线性运动模型近似为线性时变模型，其一

般形式为

Ｘ
·

＝ ｆ（Ｘ，ｕ） （２）

将式（２）在（Ｘｒ，ｕｒ）处采用泰勒级数展开，对方

程进行泰勒展开，并忽略高阶项，可以得到线性化后

的模型
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∂ｕ Ｘ ＝ Ｘｒ
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（ｕ － ｕｒ） （３）

将公式（２）和公式（３）作差可得新的状态空间

模型为
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联立式（３）、（４）可得离散化后的线性误差模

型为

Ｘ�（ｋ ＋ １） ＝ Ａｋ，ｔＸ�（ｋ） ＋ Ｂｋ，ｔｕ�（ｋ） （５）
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式中　 Ｔ———采样时间

Ａｋ，ｔ、Ｂｋ，ｔ———线性时变矩阵

Ｘ�（ｋ）、ｕ�（ｋ）———第 ｋ 采样时刻系统的状态量

误差和控制量误差

１. ２　 模型预测轨迹跟踪控制器设计

模型预测控制是一种常用的优化控制算法，
ＭＰＣ 通过预测模型、滚动优化和反馈修正的策略实

现控制目标［２４ － ２６］，因其能够提供较好的实时性和鲁

棒性，在车辆路径跟踪中已经得到广泛应用。 因此，
为了使除草机器人能够快速平稳地跟踪路径，可通

过 ＭＰＣ 的目标函数最优化来实现。 由于目标函数

转换成标准二次型时存在一定缺陷，导致采样周期

内可能出现无解的现象，从而影响控制系统的连续

性。 所以本文在目标函数中引入松弛因子 ε，目标

函数的形式为

Ｊ（ｋ） ＝ ∑
Ｎｐ

ｋ ＝ ０
‖η（ｋ ＋ ｉ ｜ ｔ） － ηｒｅｆ（ｋ ＋ ｉ ｜ ｔ）‖２

Ｑ ＋

∑
Ｎｃ－１

ｋ ＝ ０
‖ΔＵ（ｋ ＋ ｉ ｜ ｔ）‖２

Ｐ ＋ ρε２ 　 （Ｎｐ ＞ Ｎｃ ＞ １） （６）

式中　 Ｑ、Ｐ———权重矩阵　 　 ρ———权重系数

η、ηｒｅｆ———输出状态和参考输出状态量

Ｎｐ———预测时域　 　 Ｎｃ———控制时域

ΔＵ———系统控制增量

引入控制量增量 Δｕ（ｋ） ＝ ｕ（ｋ） － ｕ（ｋ － １），对
公式的状态量进行增广。 设定时刻新的状态量为

ξ（ｋ ｜ ｔ） ＝ Ｘ�（ｋ ｜ ｔ）

ｕ�（ｋ － １ ｜ ｔ）

é

ë

ê
ê

ù

û

ú
ú

（７）

状态空间表达式为

ξ（ｋ ＋ １ ｜ ｔ） ＝ Ａ�ｋ，ｔξ（ｋ ｜ ｔ） ＋ Ｂ�ｋ，ｔΔＵ（ｋ ｜ ｔ）

η（ｋ ｜ ｔ） ＝ Ｃ�ｋ，ｔξ（ｋ ｜ ｔ）
{ （８）

其中 Ａ�ｋ，ｔ ＝
Ａｋ，ｔ Ｂｋ，ｔ

Ｏ２ × ３ Ｉ２
é

ë
ê
ê

ù

û
ú
ú　 Ｂ�ｋ，ｔ ＝

Ｂｋ，ｔ

Ｉ２
é

ë
ê
ê

ù

û
ú
ú

Ｃ�ｋ，ｔ ＝ ［ＩＮｘ
Ｏ］

式中　 Ｉ２、ＩＮｘ
———单位向量　 　

Ｏ———零矩阵

根据文献［１１］，系统 ｔ 时刻预测模型输出方程

为

Ｙ（ ｔ） ＝ψｔξ（ ｔ ｜ ｔ） ＋ΘｔΔＵ（ ｔ） （９）
式中　 ψｔ———状态量预测参数

Θｔ———控制增量序列预测参数

为了确保履带除草机的控制输入在实际操作中

的可行性，本文设计的控制量与控制增量约束条

件为

　

ｕｍｉｎ（ ｔ ＋ ｋ）≤ｕ（ ｔ ＋ ｋ）≤ｕｍａｘ（ ｔ ＋ ｋ）
　 　 （ｋ ＝ ０，１，２，…，Ｎｃ － １）
Δｕｍｉｎ（ ｔ ＋ ｋ）≤Δｕ（ ｔ ＋ ｋ）≤Δｕｍａｘ（ ｔ ＋ ｋ）
　 　 （ｋ ＝ ０，１，２，…，Ｎｃ － １）

ì

î

í

ï
ïï

ï
ïï

（１０）
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ＭＰＣ 的核心在于通过优化目标函数来寻找到

最优的控制输入，使系统在满足约束条件的前提下

达到最佳性能［２７ － ２８］。 为了便于计算，将目标函数转

换为标准二次型形式并结合约束条件为

Ｊ（ξ（ｔ），ｕ（ｔ －１），ΔＵ（ｔ）） ＝
　 　 ［ΔＵ（ｔ）Ｔ ε］ＴＨｔ［ΔＵ（ｔ）Ｔ ε］ ＋Ｇｔ［ΔＵ（ｔ）Ｔ ε］

ｓ． ｔ．
　

ΔＵｍｉｎ≤ΔＵｔ≤ΔＵｍａｘ

Ｕｍｉｎ≤ＡΔＵｔ ＋Ｕｔ≤Ｕｍａｘ
{

ì

î

í

ï
ïï

ï
ïï

（１１）

其中，正定 Ｈｅｓｓｉａｎ 矩阵 Ｈ ＝
ΘＴＱΘ ＋ Ｐ ０

０ ρ
é

ë
ê
ê

ù

û
ú
ú，控制

增量系数矩阵 ＧＴ
ｔ ＝ ［２ＥＴＱΘ ０］，预测时域内跟踪

误差 ＥΤ ＝ψξ（ｋ）。
控制系统在完成每个控制周期的求解后，可以

得到控制时域内 ｔ 时刻控制输入增量， ΔＵ∗
ｔ ＝

［Δｕ∗
ｔ ，Δｕ∗

ｔ ＋ １，…，Δｕ∗
ｔ ＋ Ｎｃ － １］ Ｔ，控制器选用控制序列

中第 １ 个元素作为实际的输入增量作用于系统中

ｕ（ ｔ） ＝ ｕ（ ｔ － １） ＋ Δｕ∗
ｔ ，如此反复循环滚动优化实现

除草机的路径跟踪控制。

１. ３　 滑移滑转误差补偿

履带除草机是通过两侧履带的差速实现转向，
转向过程中高速侧履带会受到低速侧履带的拉扯，
相反低速侧履带会受到高速侧履带的拖拽，存在高

速侧履带的滑转和低速侧履带的滑移，从而导致理

论执行的控制量与实际执行的控制量不一致，影响

跟踪控制的精度［２９ － ３０］。 因此需要针对除草机转向

过程中因滑转滑移所产生的误差，在路径跟踪控制

器中引入误差补偿，提高路径跟踪控制器的精度。
如图 ２ 所示，以履带除草机的右转方式为例，车

辆的转向方式分为 ３ 种：①左右履带速度方向相同

（图 ２ａ）。 ②左右履带速度方向相反（图 ２ｂ）。 ③左

侧履带单方面制动（图 ２ｃ）。 Ｏ１ 为转向中心，ｖ′１ 与

ｖ′２ 分别为左右两侧履带理论线速度，Ｏ′１ 为理论转向

中心，Ｒ′为理论转弯半径。 在图 ２ａ 与图 ２ｂ 的转向

模式下，左侧履带速度大于右侧履带速度，在转向过

程中存在左右两侧履带的滑移滑转。 在图 ２ｃ 的转

向模式下，只有左侧的履带单边制动，存在左侧履带

的滑转。 此时除草机以右侧履带中点为圆心，进行

圆周运动。

图 ２　 不同转向模式下的履带式车辆滑移滑转图

Ｆｉｇ． ２　 Ｓｌｉｐ ａｎｄ ｓｌｉｄｅ ｄｉａｇｒａｍｓ ｏｆ ｔｒａｃｋｅｄ ｖｅｈｉｃｌｅｓ ｕｎｄｅｒ ｄｉｆｆｅｒｅｎｔ ｓｔｅｅｒｉｎｇ ｍｏｄｅｓ
　

　 　 在转向过程中左右两侧履带相对误差 σ１、σ２

为

σ１ ＝
ｖ′１ － ｖ１
ｖ′１

σ２ ＝
ｖ′２ － ｖ２
ｖ′２

ì

î

í

ï
ï

ï
ï

（１２）

履带除草机实际线速度和角速度可以通过传感

器实时测量，根据除草机运动学模型，车辆实时线速

度与角速度为

ｖ ＝
ｖ１ ＋ ｖ２

２

ω ＝
ｖ１ － ｖ２
Ｂ

ì

î

í

ï
ï

ï
ï

（１３）

联立式（１２）与式（１３）可得除草机理论线速度

与角速度为

ｖ′ ＝ ｖ ＋
σ１ｖ′１ ＋ σ２ｖ′２

２

ω′ ＝ ω ＋
σ２ｖ′２ － σ１ｖ′１

Ｂ

ì

î

í

ï
ï

ï
ï

（１４）

则除草机线速度与角速度误差可以表示为

ｖｅ ＝
σ１ｖ′１ ＋ σ２ｖ′２

２

ωｅ ＝
σ２ｖ′２ － σ１ｖ′１

Ｂ

ì

î

í

ï
ï

ï
ï

（１５）

以左右两侧履带相对误差表示左右履带滑移率
和滑转率，由式（１５）可知在设计的模型预测控制器
的输出中加入误差补偿

ｕｅ ＝
ｖｅ
ωｅ

é

ë
ê
ê

ù

û
ú
ú ＝

σ１ｖ′１ ＋ σ２ｖ′２
２

σ２ｖ′２ － σ１ｖ′１
Ｂ

é

ë

ê
ê
ê
ê

ù

û

ú
ú
ú
ú

（１６）
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即在 １. ２ 节中模型预测控制器得出当前理论控

制量 ｕ′（ ｔ），与当前所测得实际控制量 ｕ（ ｔ）计算出

误差补偿控制量 ｕｅ（ ｔ），此时误差补偿后的控制量

为 ｕｓ（ ｔ） ＝ ｕ′（ ｔ） ＋ ｕｅ（ ｔ），将 ｕｓ（ ｔ）作为系统控制输

出。 同时，为了使控制器可以更加稳定工作避免扰

动影响，将左右两侧履带相对误差值域设定为

［ － ０. １，０. １］，如图 ３ 所示。

图 ３　 引入误差补偿的控制流程图

Ｆｉｇ． ３　 Ｃｏｎｔｒｏｌ ｆｌｏｗｃｈａｒｔ ｗｉｔｈ ｅｒｒｏｒ ｃｏｍｐｅｎｓａｔｉｏｎ ｉｎｔｒｏｄｕｃｅｄ
　

２　 仿真试验

为验证本文所设计的误差补偿型 ＭＰＣ 路径跟

踪控制器的路径跟踪性能，令除草机器人在转向过

程中的角速度产生一定的偏差量，模拟履带除草机

的滑移滑转误差，采用 Ｍａｔｌａｂ ／ Ｓｉｍｕｌｉｎｋ 进行仿真试

验验证。 Ｍａｔｌａｂ ／ Ｓｉｍｕｌｉｎｋ 模型如图 ４ 所示。

图 ４　 Ｍａｔｌａｂ ／ Ｓｉｍｕｌｉｎｋ 模型

Ｆｉｇ． ４　 Ｍａｔｌａｂ ／ Ｓｉｍｕｌｉｎｋ ｍｏｄｅｌ
　

仿真试验的参考路径为长度 １０ ｍ 的直线，起点

坐标为［０，０］、终点为［１０ ｍ，０］。 分别以速度 １ ｍ ／ ｓ
进行了 ３ 种不同初始状态的路径跟踪仿真试验。 ３
种不同初始状态分别为：①Ｘ ＝ ［０ ０. ５ ０］ Τ，初始

偏差 ０. ５ ｍ、初始航向偏差 ０°。 ②Ｘ ＝ ［０ ０ ０］ Τ，
初始 偏 差 １ ｍ、 初 始 航 向 偏 差 ０°。 ③ Ｘ ＝

[０ ０ π
４ ]

Τ
，初始偏差 １ ｍ、初始航向偏差 ４５°。

当除草机器人位置偏差保持在 ± ５ ｃｍ 范围内，
即达到上线要求。 上线距离为除草机器人达到上线

状态所走过的距离。 控制系统的状态量权重为 Ｑ ＝
ｄｉａｇ（１，１，０. ５），控制量权重为 Ｐ ＝ ｄｉａｇ（１，１），其余

参数如表 １ 所示。
　 　 不同初始状态下路径跟踪仿真效果如图 ５ ～ ７
所示。 由图 ５ａ、６ａ、７ａ 可以看出，３ 种不同初始状态

下初始位置偏差较大，在上线初期除草机器人横向

速度加快，向目标路径快速靠拢，完成上线进入直线

表 １　 模型预测控制算法参数

Ｔａｂ． １　 Ｐａｒａｍｅｔｅｒｓ ｏｆ ｍｏｄｅｌ ｐｒｅｄｉｃｔｉｖｅ ｃｏｎｔｒｏｌ ａｌｇｏｒｉｔｈｍ

参数 数值

Ｎｐ ２５
Ｎｃ １５
Ｔ ／ ｓ ０. １
δ ／ ｒａｄ － ２ ～ ２
Δδ ／ ｒａｄ － ０. ２ ～ ０. ２
ρ １００
ε １０

段跟踪。 如图 ５ｂ、６ｂ、７ｂ 所示，除草机上线初期快速

向目标路径靠近，产生了较大的航向偏差。 随着接

近目标路径，除草机器人纵向速度加快，航向偏差迅

速减小。 上线过程中相对于传统 ＭＰＣ 控制器，引入

误差补偿的 ＭＰＣ 控制器上线过程明显更快，上线距

离短。 从上线后的直线段路径跟踪轨迹可以看出，
实时轨迹与目标路径基本重合，由于直线跟踪过程

中产生的滑移滑转误差较小，２ 种控制器在直线段

的路径跟踪效果均良好。

图 ５　 初始偏差 ０. ５ ｍ、初始航向偏差 ０°路径

跟踪性能对比曲线

Ｆｉｇ． ５　 Ｐａｔｈ ｔｒａｃｋｉｎｇ ｐｅｒｆｏｒｍａｎｃｅ ｃｏｍｐａｒｉｓｏｎ ｃｈａｒｔ
ｗｈｅｎ ｉｎｉｔｉａｌ ｄｅｖｉａｔｉｏｎ ｗａｓ ０. ５ ｍ ａｎｄ ｉｎｉｔｉａｌ ｈｅａｄｉｎｇ

ａｎｇｌｅ ｄｅｖｉａｔｉｏｎ ｗａｓ ０°
　

由图 ５ ～ ７ 可知，引入误差补偿型 ＭＰＣ 控制器

与传统 ＭＰＣ 控制器分别在 ３ 种不同初始状态下的

仿真结果为：①初始位置偏差 ０. ５ ｍ、初始航向偏差

０°时，上线距离分别为 １. １６、１. ５７ ｍ，上线距离减少

２６. １％ 。 上线 后 直 线 段 平 均 横 向 偏 差 分 别 为

０. ００８、０. ０１ ｍ，平均横向偏差减小 ２０％ ；直线段平
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图 ６　 初始偏差 １ ｍ、初始航向角偏差 ０°路径

跟踪性能对比曲线

Ｆｉｇ． ６　 Ｐａｔｈ ｔｒａｃｋｉｎｇ ｐｅｒｆｏｒｍａｎｃｅ ｃｏｍｐａｒｉｓｏｎ ｃｈａｒｔ
ｗｈｅｎ ｉｎｉｔｉａｌ ｄｅｖｉａｔｉｏｎ ｗａｓ １ ｍ ａｎｄ ｉｎｉｔｉａｌ ｈｅａｄｉｎｇ

ａｎｇｌｅ ｄｅｖｉａｔｉｏｎ ｗａｓ ０°
　

图 ７　 初始偏差 １ ｍ、初始航向偏差 ４５°路径

跟踪性能对比曲线

Ｆｉｇ． ７　 Ｐａｔｈ ｔｒａｃｋｉｎｇ ｐｅｒｆｏｒｍａｎｃｅ ｃｏｍｐａｒｉｓｏｎ ｃｈａｒｔ
ｗｈｅｎ ｉｎｉｔｉａｌ ｄｅｖｉａｔｉｏｎ ｗａｓ １ ｍ ａｎｄ ｉｎｉｔｉａｌ ｈｅａｄｉｎｇ

ａｎｇｌｅ ｄｅｖｉａｔｉｏｎ ｗａｓ ４５°
　

均航向偏差分别为 ０. １１°与 ０. １４°，平均航向偏差减

小 ２１. ４％ 。 ②初始位置偏差 １ ｍ、初始航向偏差 ０°

时，上线距离分别为 １. ２５、１. ７９ ｍ，上线距离减少

３０. １％ 。 上线 后 直 线 段 平 均 横 向 偏 差 分 别 为

０. ００９、０. ０１ ｍ，平均横向偏差减小 １０％ ；直线段平

均航向偏差分别为 ０. １３°与 ０. １７°，平均航向偏差减

小 ２３. ５％ 。 ③初始位置偏差 １ ｍ、初始航向偏差 ４５°
时，上线距离分别为 １. １８、１. ６４ ｍ，上线距离减少

２８. ０４％ 。 上线后直线段平均横向偏差分别为

０. ００８、０. ０１ ｍ，平均横向偏差减小 ２０％ ；直线段平

均航向偏差分别为 ０. １１°与 ０. １４°，平均航向偏差减

小 ２１. ４％ 。 由试验结果可知，引入误差补偿的 ＭＰＣ
在上线与直线段的跟踪性能均得到了提升。

３　 实车试验

３. １　 试验材料

为验证引入误差补偿的模型预测路径跟踪控制

器性能，进行实车试验。 试验平台选用油电混合动

力履带式除草机器人，由 ２ 台 １２ Ｖ ／ １ ０００ Ｗ 大功率

电机驱动履带行驶。 机器主要参数如表 ２ 所示。

表 ２　 履带式除草机器人参数

Ｔａｂ． ２　 Ｔｒａｃｋｅｄ ｗｅｅｄｉｎｇ ｒｏｂｏｔ ｐａｒａｍｅｔｅｒｓ

　 　 　 参数 数值

外形尺寸 ／ （ｍｍ × ｍｍ × ｍｍ） ８５０ × ９００ × ４００
轮距 Ｌ ／ ｍｍ ６００
履带与地面接触面长度 ｌ ／ ｍｍ ７００

作业速度 ／ （ｋｍ·ｈ － １） ０ ～ ５
割刀幅宽 ／ ｍｍ ５５０
电机额定电压 ／ Ｖ １２
电机功率 ／ Ｗ １ ２００
最大负载 ／ ｋｇ １５０
发电机功率 ／ Ｗ １ ８００

　 　 自动导航除草机器人如图 ８ 所示。 主控模块选

用 Ｎｕｖｏ ５５０１ 型工控机，配置 ｍｅｌｏｄｉｃ 版本的机器

人操作系统 ＲＯＳ （ Ｒｏｂｏｔ ｏｐｅｒａｔｉｎｇ ｓｙｓｔｅｍ， ｕｂｕｎｔｕ
２０. ０４）。 导航定位系统采用北斗定位模块双天线

板卡 ＵＭ９８２， 定位精度为 ２. ５ ｍｍ， 航向精度为

０. ２（°） ／ Ｒ０（Ｒ０ 为双天线基线长，取 ０. ８ ｍ），采用双

天线 ＧＮＳＳ 为导航提供位置与航向信息，ＭＴＩ３００ 型

姿态传感器 （ ＩＭＵ） 获取姿态信息，具体信息见

表 ３。 工控机通过串口与底盘控制系统通讯，底盘

控制系统接收导航下发的运动指令，并将运动指令

转换为 ＰＷＭ 下发给左右电机。
３. ２　 试验方法

本试验在华南农业大学增城教学科研基地开

展。 试验条件与仿真试验相同。 最后增加速度

０. ５ ｍ ／ ｓ 进行初始状态为 Ｘ ＝ ［０ １ ０］ Ｔ 的路径跟

踪试验。
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图 ８　 履带式除草机器人

Ｆｉｇ． ８　 Ｔｒａｃｋｅｄ ｗｅｅｄｉｎｇ ｒｏｂｏｔ
　

表 ３　 工控机、ＧＮＳＳ 和 ＩＭＵ 设备参数

Ｔａｂ． ３　 Ｉｎｄｕｓｔｒｉａｌ ｐｅｒｓｏｎａｌ ｃｏｍｐｕｔｅｒ（ＩＰＣ），
ＧＮＳＳ ａｎｄ ＩＭＵ ｄｅｖｉｃｅ ｐａｒａｍｅｔｅｒｓ

设备 参数 数值 ／ 型号

Ｎｕｖｏ ５５０１
型工控机

尺寸 ／ （ｍｍ × ｍｍ × ｍｍ） ２２１ × １７３ × ７６. ２
处理器 ６ｔｈ Ｇｅｎ Ｃｏｒｅ ｉ７
适应温度 ／ （ °） － ２５ ～ ７０
运行内存 ／ ＧＢ ８
内存 ／ ＧＢ ５１２

ＧＮＳＳ

板卡型号 ＵＭ９８２
数据更新频率 ／ Ｈｚ １０
ＰＰＳ 更新频率 ／ Ｈｚ １
静态水平精度 ／ ｍｍ ２. ５
动态水平精度 ／ ｍｍ ８

ＩＭＵ

型号 ＭＴＩ ３００ ２Ａ５Ｇ４
翻滚角、俯仰角 ／ （ °） ０. ２
航向角 ／ （ °） １. ００

陀螺仪零漂 ／ （（°）·ｈ － １） １０
陀螺仪噪声密度 ／

（（°）·ｓ － １·Ｈｚ － １
２ ）

０. ０１

陀螺仪 ｇ⁃ｓｅｎｓｉｔｉｖｉｔｙ ／

（（°）·ｓ － １·ｇ － １）
０. ００３

加速度计零偏 ／ μｇ １５
加速度随机游走 ／ μｇ ０. ０１

　 　 按照除草机所需的上线性能，将除草机位置调

整到目标路径 ± ５ ｃｍ 范围内，即达到上线要求，上
线距离为车辆达到上线状态所走过的距离。 记录试

验过程中除草机的实时轨迹与航向偏差。 试验中的

模型预测控制器参数与仿真中相同，试验场地如

图 ９ 所示。
３. ３　 试验结果与分析

试验结果如图 １０ ～ １３ 所示。 在 ４ 种不同状态

下，除草机初始偏差较大，为向目标路径靠拢，除草

机迅速调整航向角，进而产生较大的航向误差。 随

着逐渐接近目标路径，除草机航向误差迅速减小，完
成上线动作，随后进入直线段跟踪阶段。 从除草机

实时轨迹可以看出，上线过程中因转向产生较大滑

移滑转误差，引入误差补偿的 ＭＰＣ 控制器相对于传

图 ９　 除草效果

Ｆｉｇ． ９　 Ｗｅｅｄｉｎｇ ｅｆｆｅｃｔ ｄｉａｇｒａｍ
　

图 １０　 速度 １ ｍ ／ ｓ、初始偏差 ０. ５ ｍ、初始航向偏差

０°路径跟踪性能对比曲线

Ｆｉｇ． １０　 Ｃｏｍｐａｒｉｓｏｎ ｃｈａｒｔ ｏｆ ｐａｔｈ ｔｒａｃｋｉｎｇ ｐｅｒｆｏｒｍａｎｃｅ
ｗｉｔｈ ｓｐｅｅｄ ｏｆ １ ｍ ／ ｓ， ｉｎｉｔｉａｌ ｄｅｖｉａｔｉｏｎ ｏｆ ０. ５ ｍ， ａｎｄ

ｉｎｉｔｉａｌ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ ｏｆ ０°
　

图 １１　 速度 １ ｍ ／ ｓ、初始偏差 １ ｍ、初始航向偏差

０°路径跟踪性能对比曲线

Ｆｉｇ． １１　 Ｃｏｍｐａｒｉｓｏｎ ｃｈａｒｔ ｏｆ ｐａｔｈ ｔｒａｃｋｉｎｇ ｐｅｒｆｏｒｍａｎｃｅ
ｗｉｔｈ ｓｐｅｅｄ ｏｆ １ ｍ ／ ｓ， ｉｎｉｔｉａｌ ｄｅｖｉａｔｉｏｎ ｏｆ １ ｍ， ａｎｄ

ｉｎｉｔｉａｌ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ ｏｆ ０°
　

统 ＭＰＣ 的上线过程更快，上线距离更短。 在上线后

的直线段跟踪过程中，除草机产生的滑移滑转误差

较小，２ 种控制器作用下除草机在直线段跟踪的实

时轨迹与目标路径基本重合。
图 １０ ～１３ 表明：①速度 １ ｍ ／ ｓ、初始偏差 ０. ５ ｍ、

初始航向偏差 ０°时，误差补偿型ＭＰＣ 控制器上线距

离与传统 ＭＰＣ 控制器上线距离分别为 ２. ４６、
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图 １２　 速度 １ ｍ ／ ｓ、初始偏差 １ ｍ、初始航向

偏差 ４５°路径跟踪性能对比曲线

Ｆｉｇ． １２　 Ｃｏｍｐａｒｉｓｏｎ ｃｈａｒｔ ｏｆ ｐａｔｈ ｔｒａｃｋｉｎｇ ｐｅｒｆｏｒｍａｎｃｅ
ｗｉｔｈ ｓｐｅｅｄ ｏｆ １ ｍ ／ ｓ， ｉｎｉｔｉａｌ ｄｅｖｉａｔｉｏｎ ｏｆ １ ｍ， ａｎｄ

ｉｎｉｔｉａｌ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ ｏｆ ４５°
　

图 １３　 速度 ０. ５ ｍ ／ ｓ、初始偏差 １ ｍ、初始航向

偏差 ０°路径跟踪性能对比曲线

Ｆｉｇ． １３　 Ｃｏｍｐａｒｉｓｏｎ ｃｈａｒｔ ｏｆ ｐａｔｈ ｔｒａｃｋｉｎｇ ｐｅｒｆｏｒｍａｎｃｅ
ｗｉｔｈ ｓｐｅｅｄ ｏｆ ０. ５ ｍ ／ ｓ， ｉｎｉｔｉａｌ ｄｅｖｉａｔｉｏｎ ｏｆ １ ｍ， ａｎｄ

ｉｎｉｔｉａｌ ｈｅａｄｉｎｇ ｄｅｖｉａｔｉｏｎ ｏｆ ０°
　

２. ８８ ｍ，上线距离减小 １４. ５％ ；上线后直线段平均

横向偏差分别为 ０. ０１５、０. ０１９ ｍ，平均横向偏差减

小 ２１. ０５％ ；直线段平均航向偏差分别为 ０. ６５°与
０. ７８°，平均航向偏差减小 １６. ７％。 ②速度 １ ｍ／ ｓ、初始

偏差 １ ｍ、初始航向偏差 ０°时的上线距离分别为

３. １５、３. ８９ ｍ，上线距离减小 １９. １％ 。 上线后直线

段平均横向偏差分别为 ０. ０１２、０. ０１７ ｍ，平均横向

偏差减小 ２９. ４％ 。 直线段平均航向偏差分别为

０. ５７°与 ０. ７２°，平均航向偏差减小 ２０. ８％ 。 ③速度

１ ｍ ／ ｓ、初始偏差 １ ｍ、初始航向角 ４５°时的上线距离

分别为 ２. ７８、３. ０９ ｍ，上线距离减小 １０. １％ 。 上线

后直线段平均横向偏差分别为 ０. ０１３、０. ０１６ ｍ，平均

　 　

横向偏差减小 １８. ７５％ 。 直线段平均航向偏差分别

为 ０. ５９°与 ０. ７°，平均航向偏差减小 １５. ７％ 。 ④速

度 ０. ５ ｍ ／ ｓ、初始偏差 １ ｍ，初始航向偏差 ０°时的上

线距离分别为 ２. ８９、３. ４５ ｍ，上线距离减小 １６. ２％ 。
上线 后 直 线 段 平 均 横 向 偏 差 分 别 为 ０. ０１１、
０. ０１４ ｍ，平均横向偏差减小 ２１. ４％ 。 直线段平均

航向偏差分别为 ０. ５°与 ０. ５９°，平均航向偏差减小

１５. ２％ 。 在不同状态下上线与直线段路径跟踪中，
引入误差补偿的 ＭＰＣ 控制器通过实时补偿除草机

路径跟踪过程产生的滑移滑转误差来提高控制性

能，并且直线段跟踪精度也得到了提升。

４　 结论

（１）以履带式除草机为研究对象，基于履带式

除草机器人运动学特性建立了线性误差模型，设计

了控制增量为状态量的目标函数、控制量与控制增

量为约束条件的模型预测控制算法。 针对除草机路

径跟踪过程中因左右两侧履带滑移滑转而产生的误

差，在系统控制量中进行补偿，得出最优控制量。
（２）建立了 Ｍａｔｌａｂ ／ Ｓｉｍｕｌｉｎｋ 仿真模型，试验结

果表明，在速度 １ ｍ ／ ｓ 下，相对于传统 ＭＰＣ 控制器，
误差补偿型 ＭＰＣ 控制器在 ３ 种不同初始状态下的

上线距离均减少 ２６％以上，上线后直线段路径跟踪

横向偏差与航向偏差均降低 １０％ 与 ２１％ 以上。 由

试验结果可知，引入误差补偿的 ＭＰＣ 在上线与直线

段的路径跟踪性能均有提升。
（３）不同状态下除草机路径跟踪试验结果表

明，相较于传统 ＭＰＣ 控制器，误差补偿型 ＭＰＣ 控制

器在速度 １ ｍ ／ ｓ 下，针对初始位置偏差分别为 ０. ５ ｍ
和 １ ｍ、航向偏差 ０°的状态，上线距离分别减少

１４. ５％和 １９. １％ 。 上线后直线段路径跟踪平均横

向偏差分别降低 ２１. ０５％ 和 ２９. ４％ ，平均航向偏差

分别降低 １６. ７％ 和 ２０. ８％ 。 在初 始 位 置 偏 差

１ ｍ、航向偏差 ４５°的状态，上线距离减小 １０. １％ ，上
线后直线段路径跟踪平均横向偏差和航向偏差分别

降低 １８. ７５％ 和 １５. ７％ 。 在速度 ０. ５ ｍ ／ ｓ 下，初始

位置偏差 １ ｍ、初始航向偏差 ０°的状态，上线距离减

少 １６. ２％ ，上线后直线段路径跟踪的平均横向偏差

和航向偏差分别降低 ２１. ４％ 和 １５. ２％ 。 本文设计

的误差补偿型 ＭＰＣ 控制器能有效提升除草机上线

段与直线段路径跟踪性能，验证了该控制器在复杂

动态环境下的强鲁棒性。
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田间茶树冠层三维信息获取及其高度和轮廓表达方法

赵润茂１，２ 　 范国帅１ 　 陈建能１，２ 　 武传宇１，２ 　 杜小强１，３ 　 郇晓龙１，２

（１． 浙江理工大学机械工程学院， 杭州 ３１００１８； ２． 浙江省种植装备技术重点实验室， 杭州 ３１００１８；
３． 农业农村部东南丘陵山地农业装备重点实验室（部省共建）， 杭州 ３１００１８）

摘要： 茶树的冠层信息是茶树田间管理的重要内容，也是茶叶机械化作业机具设计的重要依据。 针对传统的作物

冠层信息获取方法费时费力、主观性强且易造成损伤等问题，提出了一种茶树冠层高度和轮廓的获取与估计方法。
首先，通过 ３Ｄ ＬｉＤＡＲ 从多个站点采集茶园的点云数据，对原始点云进行姿态矫正、ＲＯＩ 划分、配准、降噪以及高程

归一化预处理，得到高程归一化的茶树点云。 其次，通过反距离权重插值法、不规则三角网插值法在不同空间分辨

率下生成茶树的冠层高度模型（Ｃａｎｏｐｙ ｈｅｉｇｈｔ ｍｏｄｅｌ， ＣＨＭ），其中，空间分辨率 ０. ０５ ｍ 下不规则三角网插值生成的

茶树 ＣＨＭ 具有较好的插值精度，模型产生的凹坑也相对较少。 最后，分别以 ９０ ～ １００ 间的 ２１ 个百分位数提取

ＣＨＭ 的栅格值作为茶树冠层高度与实测值比较，结果表明，第 ９８. ５ 百分位数时估计值最为准确，与真值间的相关

系数为 ０. ８８，平均绝对误差为 ３. １７ ｃｍ，均方根误差为 ４. １６ ｃｍ。 此外，在高程归一化的茶树点云中提取 ２０ 处冠层

断面点云，分别采用椭圆模型、高斯模型和二次多项式模型拟合了冠层轮廓点云，其中，二次多项式模型能更好地

反映茶树冠层轮廓特征，点云与拟合曲线间平均最小距离的均值为 ２. ６０ ｃｍ，方差为 ０. ２１ ｃｍ２。 研究可为茶园现代

化管理和茶叶机械化作业机具的设计提供理论支持。
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ｗｅｒｅ ｅｘｔｒａｃｔｅｄ ｆｒｏｍ ２１ ｐｅｒｃｅｎｔｉｌｅｓ ｂｅｔｗｅｅｎ ９０ ａｎｄ １００ ａｓ ｔｈｅ ｃａｎｏｐｙ ｈｅｉｇｈｔ ｏｆ ｔｅａ ｔｒｅｅｓ ａｎｄ ｃｏｍｐａｒｅｄ
ｗｉｔｈ ｔｈｅ ｍｅａｓｕｒｅｄ ｖａｌｕｅｓ． Ｔｈｅ ｒｅｓｕｌｔｓ ｓｈｏｗｅｄ ｔｈａｔ ｔｈｅ ｅｓｔｉｍａｔｅｄ ｖａｌｕｅ ｗａｓ ｍｏｓｔ ａｃｃｕｒａｔｅ ｗｈｅｎ ｔｈｅ
ｐｅｒｃｅｎｔｉｌｅ ｗａｓ ９８. ５， ａｎｄ ｔｈｅ ｃｏｒｒｅｌａｔｉｏｎ ｃｏｅｆｆｉｃｉｅｎｔ ｗｉｔｈ ｔｈｅ ｔｒｕｅ ｖａｌｕｅ ｗａｓ ０. ８８， ｗｉｔｈ ａｎ ａｖｅｒａｇｅ

150
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ｓｅｃｔｉｏｎ ｐｏｉｎｔ ｃｌｏｕｄｓ ｗｅｒｅ ｅｘｔｒａｃｔｅｄ ｆｒｏｍ ｔｈｅ ｅｌｅｖａｔｉｏｎ⁃ｎｏｒｍａｌｉｚｅｄ ｔｅａ ｔｒｅｅ ｐｏｉｎｔ ｃｌｏｕｄｓ ａｎｄ ｔｈｅｉｒ ｏｕｔｌｉｎｅｓ
ｗｅｒｅ ｆｉｔｔｅｄ ｂｙ ｅｌｌｉｐｔｉｃ， Ｇａｕｓｓｉａｎ ａｎｄ ｑｕａｄｒａｔｉｃ ｐｏｌｙｎｏｍｉａｌ ｍｏｄｅｌｓ， ｒｅｓｐｅｃｔｉｖｅｌｙ． Ｔｈｅ ｒｅｓｕｌｔｓ ｓｈｏｗｅｄ ｔｈａｔ
ｔｈｅ ｑｕａｄｒａｔｉｃ ｐｏｌｙｎｏｍｉａｌ ｍｏｄｅｌ ｃｏｕｌｄ ｂｅｔｔｅｒ ｒｅｆｌｅｃｔ ｔｈｅ ｃｈａｒａｃｔｅｒｉｓｔｉｃｓ ｏｆ ｔｈｅ ｔｅａ ｔｒｅｅ ｃａｎｏｐｙ ｏｕｔｌｉｎｅ， ａｎｄ
ｔｈｅ ｍｅａｎ ｖａｌｕｅ ｏｆ ｔｈｅ ａｖｅｒａｇｅ ｍｉｎｉｍｕｍ ｄｉｓｔａｎｃｅ ｂｅｔｗｅｅｎ ｔｈｅ ｐｏｉｎｔｓ ａｎｄ ｔｈｅ ｆｉｔｔｅｄ ｃｕｒｖｅｓ ｗａｓ ２. ６０ ｃｍ
ｗｉｔｈ ａ ｖａｒｉａｎｃｅ ｏｆ ０. ２１ ｃｍ２ ． Ｔｈｅ ｒｅｓｅａｒｃｈ ｃａｎ ｐｒｏｖｉｄｅ ｔｈｅｏｒｅｔｉｃａｌ ｓｕｐｐｏｒｔ ｆｏｒ ｔｈｅ ｍｏｄｅｒｎ ｍａｎａｇｅｍｅｎｔ ｏｆ
ｔｅａ ｆｉｅｌｄｓ ａｎｄ ｔｈｅ ｄｅｓｉｇｎ ｏｆ ｒｅｌａｔｅｄ ｅｑｕｉｐｍｅｎｔ．
Ｋｅｙ ｗｏｒｄｓ： ｔｅａ ｔｒｅｅ； ３Ｄ ｉｎｆｏｒｍａｔｉｏｎ； ｃａｎｏｐｙ ｈｅｉｇｈｔ； ｃａｎｏｐｙ ｏｕｔｌｉｎｅ； ＬｉＤＡＲ

０　 引言

作物的冠层信息被广泛应用于作物的遗传育

种［１］、产量预测［２］、植保管理［３］ 等方面，对现代农业

的发展有重要意义。 在早期，作物的冠层信息大多

通过人工实地测量获取，此类方法不仅费时费力、主
观性强，还容易对作物造成损伤［４］。 近年来，随着

先进传感器技术在农业领域的应用和发展，快速、准
确、无损地获取作物冠层信息成为研究热点。 该领

域中 常 用 的 设 备 包 括 相 机 和 激 光 雷 达 （ Ｌｉｇｈｔ
ｄｅｔｅｃｔｉｏｎ ａｎｄ ｒａｎｇｉｎｇ，ＬｉＤＡＲ）等［５ － ６］。 其中，相机受

环境光影响较大，通常用于室内获取植株的表

型［７ － ８］，而 ＬｉＤＡＲ 因扫描范围广且具备较强的抵光

性，更适合田间。 ＬＵＯ 等［９］ 通过随机森林方法对

ＬｉＤＡＲ 变量重要性进行排列，建立了作物高度预测

模型并估计玉米与大豆的高度，模型的高度预测

值与真实值表现出较高的相关性。 苏伟等［１０］ 采用

地基 ＬｉＤＡＲ 获取大田玉米个体植株三维点云数

据，通过对叶片进行三角网建模估计了玉米叶面

积，与实测值间的均方根误差为 １２. ６９ ｃｍ２，平均

绝对百分比误差为 ２. ３８％ 。 管贤平等［１１］ 通过机

载 ＬｉＤＡＲ 获取大田大豆点云，将植株点云重心在

地面上投影，取平均值作为植株茎部与地面的交

点，计算得到大豆高度与测量值间的平均相对误

差为 ５. １４％ 。
我国是世界上最大的茶叶生产国和消费国，茶

园面积和茶叶产量均为世界第一， ２０２２ 年全国干毛

茶总产量高达 ３. １８ × １０６ ｔ，总产值突破 ３ １８０ 亿

元［１２ － １４］。 茶树的冠层信息，不仅是茶树田间管理的

重要内容［１５ － １６］，也是茶树全程机械化作业机具设计

的重要依据，如川崎采茶机所用的割刀为弧形，赵润

茂等［１７］设计的仿形采茶机采用多把直刀代替弧形

割刀贴合茶树冠层。 因此，快速准确获取自然环境

下茶树的冠层信息对茶产业的发展有重要意义。 冠

层高度模型（Ｃａｎｏｐｙ ｈｅｉｇｈｔ ｍｏｄｅｌ，ＣＨＭ）是植物冠

层点云经空间插值处理后生成的规则格网数据［１８］，
一般由数字高程模型（Ｄｉｇｉｔａｌ ｅｌｅｖａｔｉｏｎ ｍｏｄｅｌ，ＤＥＭ）

与数字表面模型（Ｄｉｇｉｔａｌ ｓｕｒｆａｃｅ ｍｏｄｅｌ，ＤＳＭ）作差，
或通过归一化后的点云直接插值得到［１９］。 近年来，
ＣＨＭ 被应用于农作物的高度估计。 车荧璞等［２０］ 将

ＣＨＭ 与超分辨重建相结合，计算了不同生育期玉米

的株高，根据重建影像估计的株高与实测值的相关

性较好，均方根误差（ＲＭＳＥ）为 ３. ９ ｃｍ。 ＧＵＯ 等［２１］

通过地面激光扫描 （ ＴＬＳ） 采集小麦点云并生成

ＣＨＭ，从中提取了一系列 ＴＬＳ 衍生指标用于估计不

同生长期的小麦高度，然而，需要在小麦播种前采集

地面点云。 束美艳等［２２］对柑橘的 ＣＨＭ 使用分水岭

算法分割单木，有效提取了柑橘的株高以及冠幅投

影面积，然而，该方法对低矮、树冠小的植株易产生

漏检现象，且不适合密植的茶树。
为快速准确获取茶树冠层信息，本研究首先通

过 ３Ｄ ＬｉＤＡＲ 从多个站点采集茶园的三维点云并拼

接，处理后得到高程归一化的茶树点云，采用空间插

值法生成茶树的冠层高度模型。 在此基础上，提出

茶树冠层高度和轮廓的估计与分析方法，并对估计

结果准确性进行评价。

１　 材料与方法

１. １　 数据获取

试验地点位于浙江省杭州市余杭区瓶窑镇杭州

茶叶试验场（３０°２４′２３″Ｎ，１１９°５４′０５″Ｅ）。 所选取的

试验田块如图 １ 所示，宽度为 ６ ｍ，长度为 ２０ ｍ，含
茶树 ４ 垄，共计长度 ８０ ｍ，茶垄间距约 １. ５ ｍ，茶树

的品种为鸠坑种。

图 １　 研究区域

Ｆｉｇ． １　 Ｓｔｕｄｙ ａｒｅａ
　

１. １. １　 冠层高度真值

茶树冠层高度为地面至茶树冠层最高点的距

离。 于 ２０２３ 年 ４ 月 １２ 日进行测量，如图 ２ａ 所示，
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以茶垄的一端作为起始点，２ ｍ 为间隔距离，将各茶

垄划分为 １０ 个小区域，４ 垄茶树共计划分出 ４０ 个

小区域。 在划分得到的各个小区域中，采用等距取

样方法，取各小区域距边线 ０. ３３、０. ６６、０. ９９、１. ３２、
１. ６５ ｍ 处的冠层最高点，使用刻度尺测量高度，取测量

平均值作为该小区域内茶树冠层的实测高度。

图 ２　 小区划分与设备布局

Ｆｉｇ． ２　 Ｐｌｏｔｓ ｄｉｖｉｓｉｏｎ ａｎｄ ｄｅｖｉｃｅｓ ｌａｙｏｕｔ
　

１. １. ２　 茶园点云采集

上位机操作系统为 Ｕｂｕｎｔｕ １８. ０４，配置了机器

人操作系统（Ｒｏｂｏｔ ｏｐｅｒａｔｉｎｇ ｓｙｓｔｅｍ， ＲＯＳ）、点云库

（Ｐｏｉｎｔ ｃｌｏｕｄ ｌｉｂｒａｒｙ， ＰＣＬ）以及开源点云处理软件

ＣｌｏｕｄＣｏｍｐａｒｅ，在此基础上进行点云的采集、处理。
选用的 ＬｉＤＡＲ 为 Ｌｉｖｏｘ Ｍｉｄ ４０，该 ＬｉＤＡＲ 探测距

离为 ２６０ ｍ， 视场角为圆形 ３８. ４°， 点云数据率

１００ ０００ 点 ／ ｓ，距离精度 ２ ｃｍ，角度精度 ０. ０５°，采用

非重复扫描方式，随积分时间增长能够获得接近

１００％的视场覆盖率。 如图 ２ａ 所示，点云数据的采

集先后在 Ａ、Ｂ、Ｃ ３ 个站点进行，采集前在茶园中固

定好 ５ 个标靶球用于后期拼接。 ＬｉＤＡＲ 的安装方式

如图 ２ｂ 所示，ＬｉＤＡＲ 被安装在三脚架上，安装高度

为 １. ８ ｍ，俯仰偏置角为 １０°，对茶园呈俯视姿态。
采集现场如图 ３ 所示，ＬｉＤＡＲ 通过 Ｅｔｈｅｒｎｅｔ 与上位

机通信，由上位机控制数据的采集，在每个站点各记

录约 １０ ｓ 点云数据。

图 ３　 点云数据采集

Ｆｉｇ． ３　 Ｐｏｉｎｔ ｃｌｏｕｄ ａｃｑｕｉｓｉｔｉｏｎ
１． 激光雷达　 ２． 标靶球　 ３． 上位机

　

１. ２　 点云数据处理

１. ２. １　 点云姿态矫正

由于 ＬｉＤＡＲ 倾斜安装，需要通过点云变换对各

站点获取的原始点云进行姿态矫正，点云变换公

式为

ｘ
ｙ
ｚ

é

ë

ê
ê
ê

ù

û

ú
ú
ú
＝

ｃｏｓθ ０ ｓｉｎθ
０ １ ０

－ ｓｉｎθ ０ ｃｏｓθ

é

ë

ê
ê
ê

ù

û

ú
ú
ú

ｘ１

ｙ１

ｚ１

é

ë

ê
ê
ê
ê

ù

û

ú
ú
ú
ú

（１）

式中　 θ———ＬｉＤＡＲ 安装倾斜角

（ｘ１，ｙ１，ｚ１）———原始点云坐标

（ｘ，ｙ，ｚ）———姿态矫正后点云坐标

１. ２. ２　 ＲＯＩ 划分

点云数据中包含大量试验茶田外的背景点，这
些点并非研究对象，并且会增加后续数据处理的难

度，因此将各站点采集得到的点云进行姿态矫正后，
使用 ＣｌｏｕｄＣｏｍｐａｒｅ 软件对点云进行手动裁切，仅保

留试验田块部分作为 ＲＯＩ 点云。
１. ２. ３　 点云配准

由于从不同站点扫描得到的点云处于不同坐标

系下，需要进行点云配准，以实现多站点云的坐标系

统一。 目前应用最为广泛的点云配准算法为 ＢＥＳＬ
等［２３］提出的迭代最近点（Ｉｔｅｒａｔｉｖｅ ｃｌｏｓｅｓｔ ｐｏｉｎｔ，ＩＣＰ）
算法，该算法的实质是以最小二乘法为基础的最优

匹配，在目标点云 Ｐ 与源点云 Ｑ 间通过重复寻找最

邻近点对、解算刚体变换矩阵、应用刚体变换矩阵的

步骤，使目标函数经过迭代达到最小，得到最优变换

矩阵，目标函数可表示为

ｆ（Ｒ，Ｔ） ＝ １
ｎｃ
∑
ｎｃ

ｉ ＝ １
‖ｑｉ － （Ｒｐｉ ＋ Ｔ）‖２ （２）

式中　 Ｒ———旋转矩阵

Ｔ———平移向量

ｎｃ———邻近点对的数量

ｐｉ———目标点云 Ｐ 中的点

ｑｉ———源点云 Ｑ 中与 ｐｉ对应的邻近点

ＩＣＰ 算法虽然能够实现点云间的精确匹配，但
对点云的初始位置要求较高，为避免算法陷入局部

最优解，通常需要对点云先进行粗配准。 首先以布

置在茶园环境中的标靶球作为定位点，通过选取同

名点的方式，对各站点的 ＲＯＩ 点云进行粗配准，初
步优化点云间的相对位姿，然后再通过 ＩＣＰ 算法迭

代最近点，得到精确配准后的点云。
１. ２. ４　 点云去噪

考虑到噪点在空间中离群分布的特征，研究采

用统计滤波对精配准后的点云进行去噪。 统计滤波

的主要思想是假设点云中任意点与其邻近点的平均

距离符合高斯分布，根据均值与标准差确定一个距

离阈值，认为阈值外的点为离群点并进行剔除，具体

步骤如下：
（１）对精配准后的点云 Ｐ 建立 Ｋｄ ｔｒｅｅ 数据结

构，计算 Ｐ 中的点 Ｐｍ与其邻近点之间的平均欧氏距
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离，邻近点表示为 Ｐ ｉ（ ｉ ＝ １，２，…，ｋ，ｋ≥１），则

ｄｍ ＝
∑

ｋ

ｉ ＝ １
（ｘｉ － ｘｍ） ２ ＋ （ｙｉ － ｙｍ） ２ ＋ （ ｚｉ － ｚｍ） ２

ｋ
（３）

式中　 ｄｍ———Ｐｍ与其邻近点之间的平均欧氏距离

ｋ———邻近点个数

（ｘｍ，ｙｍ，ｚｍ）———点 Ｐｍ的坐标

（ｘｉ，ｙｉ，ｚｉ）———点 Ｐ ｉ的坐标

（２）若点云集 Ｐ 共包含 ｎｐ个点，则 Ｐ 中所有点

与其 ｋ 邻域内点的平均欧氏距离的均值 μｐ与标准

差 σｐ可表示为

μｐ ＝
∑
ｎｐ

ｍ ＝ １
ｄｍ

ｎｐ
（４）

σｐ ＝
∑
ｎｐ

ｍ ＝ １
（ｄｍ － μｐ） ２

ｎｐ
（５）

（３）根据标准差与均值设定距离阈值为

ｄｍａｘ ＝ μｐ ＋ ασｐ （６）
式中　 ｄｍａｘ———距离阈值　 　 α———比例系数

（４）对点云集 Ｐ 进行遍历，判断遍历到的点与

其 ｋ 邻域内点的平均欧氏距离是否大于距离阈值，
若大于则将该点剔除，否则保留该点，最终得到降噪

后的试验茶垄点云。
１. ２. ５　 地面点分离及点云高程归一化

为将地面点从试验茶垄点云中分离出来，研究

采用了布料模拟滤波算法（Ｃｌｏｔｈｅ ｓｉｍｕｌａｔｉｏｎ ｆｉｌｔｅｒ，
ＣＳＦ） ［２４ － ２５］，该算法对复杂地形具有较强的适应能

力。 ＣＳＦ 算法的思想是先将点云进行翻转，随后假

设有一块刚性布料落于翻转后的点云上方，在重力

以及布料节点间的相互作用力下，布料的形状近似

变化为地表形状，最后根据点云与布料曲面之间的

距离实现地面点的提取。 在布料模拟过程中，布料

形状的变化由外部因素（重力）和内部因素（节点间

相互作用力）共同决定，其原理为

ｍ ∂Ｘ（ ｔ）
∂ｔ２

＝ Ｆｅｘｔ（Ｘ，ｔ） ＋ Ｆ ｉｎｔ（Ｘ，ｔ） （７）

式中　 Ｘ（ ｔ）———布料节点在 ｔ 时刻的位置

ｍ———节点质量，取 １
Ｆｅｘｔ———外部因素

Ｆ ｉｎｔ———内部驱动因素

在外部因素作用下，布料节点位移 Ｘ（ｔ ＋ Δｔ）计算

公式为

Ｘ（ ｔ ＋ Δｔ） ＝ ２Ｘ（ ｔ） － Ｘ（ ｔ － Δｔ） ＋ Ｇ
ｍ （Δｔ） ２ （８）

式中　 Ｇ———重力常数　 　 Δｔ———时间步长

内部因素引起的位移向量计算公式为

ｄ ＝ １
２ ｂ（ｐｉ － ｐ０）ｎ （９）

其中 ｂ ＝
１ （节点可移动）
０ （节点不可移动）{

式中　 ｄ———布料节点的位移向量

ｂ———节点状态

ｐ０———待移动节点的当前位置

ｐｉ———ｐ０相邻节点的位置

ｎ———垂直方向上的单位向量

通过 ＣＳＦ 从试验茶垄点云中分离出地面点后，
以地面点为基准，对茶垄点云进行高程归一化，处理

过程为用茶垄点云中每个点的 ｚ 坐标值减去最近地

面点的 ｚ 坐标值，消除地形对点云高程的影响，得到

归一化的茶垄点云。
１. ３　 冠层高度估计方法

１. ３. １　 冠层高度模型生成

生成 ＣＨＭ 的两种方法中，通过 ＤＥＭ 与 ＤＳＭ 作

差得到 ＣＨＭ 需要经历 ２ 次空间插值，会增加信息的

损失［２６］，因此选择直接对归一化后的茶垄点云插值

生成 ＣＨＭ。 空间插值方法有多种，不同插值方法的

适用性有所差异，并无绝对的最优方法［２７］。 其中，
反距 离 权 重 插 值 法 （ Ｉｎｖｅｒｓｅ ｄｉｓｔａｎｃｅ ｗｅｉｇｈｔｅｄ，
ＩＤＷ） ［２８］、 不 规 则 三 角 网 插 值 法 （ Ｔｒｉａｎｇｕｌａｔｉｏｎ
ｉｒｒｅｇｕｌａｒ ｎｅｔｗｏｒｋ，ＴＩＮ） ［２９］是比较有代表性的两种方

法。 ＩＤＷ 插值指的是采用一组采样点线性权重组

合来判定栅格的像元值，权重主要由已知点和预测

点之间的距离决定，权重与距离呈反比关系，ＩＤＷ
插值得到的预测值为

ｚｐｒｅｊ ＝ ∑
ｎ

ｉ ＝ １

１
ｄｐ
ｉ
ｚｉ ( ∑

ｎ

ｉ ＝ １

１
ｄｐ
ｉ

)
－ １

（１０）

式中　 ｚｐｒｅｊ———点 ｊ 处的预测值

ｚｉ———第 ｉ 个已知点的值

ｄｉ———已知点 ｉ 与预测点 ｊ 之间的距离

ｎ———参与计算的已知点数量

ｐ———指定的幂值

其中，幂值 ｐ 控制着已知点对内插值的影响，ｐ 越大

则预测点受临近点的影响越大，插值结果局部变异

越强（模型越不平滑），相反，ｐ 越小时预测点受远点

的影响越大，插值结果整体性更强（模型越平滑）。
ＴＩＮ 插值是另一种被广泛应用的空间插值法，该方

法对点云中的所有点进行狄洛尼（Ｄｅｌａｕｎａｙ）三角网

构建，构建的原则是三角网中任意一个三角形的外

接圆内不存在其他点，最后根据预测点与相邻三角

形之间的角度和距离进行插值，与规则格网相比，不
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规则三角网精度更高，能更好地反映地形地貌特征，
但是算法的复杂度也相对更高。

为使得生成的 ＣＨＭ 能够更准确地表达茶树的

冠层形态，以归一化后的茶垄点云为研究对象，对不

同插值方法生成的 ＣＨＭ 进行比较并择优。 具体方

法为：从归一化后的茶垄点云中随机抽取 ９０％的点

云作为插值对象，剩余 １０％的点云用于验证插值精

度；利用 ２ 种不同插值方法（ ＩＤＷ、ＴＩＮ）生成 ＣＨＭ，
考虑到空间分辨率对插值效果的影响，每种插值方

法均采用 ６ 种空间分辨率（０. ０１、０. ０５、０. １、０. １５、
０. ２、０. ２５ ｍ）分别进行插值；最后，利用验证点云对

插值精度进行评价与择优，评价指标为验证点高程

与对应插值面 高 程 间 的 平 均 绝 对 误 差 （ Ｍｅａｎ
ａｂｓｏｌｕｔｅ ｅｒｒｏｒ，ＭＡＥ）、均方根误差（Ｒｏｏｔ ｍｅａｎ ｓｑｕａｒｅｄ
ｅｒｒｏｒ，ＲＭＳＥ）和粗差率 ｃ。 粗差率计算公式为

ｃ ＝
ｎｅ

ｎｖ
× １００％ （１１）

式中　 ｎｖ———验证点数量

ｎｅ———误差大于限差（按照拉依达准则，将 ３
倍的 Ｅ 设为限差）的点数量

１. ３. ２　 冠层高度估计

选择插值效果较好的 ＣＨＭ 作为高度估计对

象，以 ２ ｍ 为间隔，将 ＣＨＭ 中的茶垄分为 ４０ 个小区

域，与现场测量时划分的 ４０ 个小区域相对应。
ＣＨＭ 的像素百分位数代表冠层的不同位置，高百分

位数代表了冠层上边界，为研究估计茶树冠层高度

的最佳百分位数，采用不同百分位数对分离出的小

区域进行高度提取，并与对应的真实值进行比较，验
证冠层高度估计精度，评价指标为冠层高度估计值

与真实值之间的 ＭＡＥ、ＲＭＳＥ 以及决定系数 Ｒ２。
１. ４　 冠层轮廓拟合方法

如图 ４ａ 所示，对于剔除地面点且高程归一化后

的茶垄点云，在垂直茶垄方向随机选择 ５ 处断面并

提取 １ ｃｍ 缓冲区内的点云，如图 ４ｂ 所示，５ 处断面

共得到 ２０ 处茶树冠层的点云。 对于各茶树冠层点

云，忽略其 Ｘ 维度（即假定冠层点云为 ＹＯＺ 平面上

的二维点云），分别使用椭圆模型、二次多项式模型

和高斯模型，以最小二乘法对茶树冠层点云进行拟

合，计算点云中各点与拟合曲线的平均最小距离

ｄｍｅａｎ以及不同模型下 ｄｍｅａｎ的均值与方差，对不同模

型的拟合效果进行评价。 ｄｍｅａｎ的计算公式为

ｄｍｅａｎ ＝
∑
ｎＥ

ｉ ＝ １
ｄｍｉｎｉ

ｎＥ
（１２）

式中　 ｄｍｉｎｉ———冠层点云中某点至拟合曲线的最小

距离

ｎＥ———冠层点云中点的个数

图 ４　 茶树冠层断面点云提取

Ｆｉｇ． ４　 Ｅｘｔｒａｃｔｉｎｇ ｐｏｉｎｔ ｃｌｏｕｄｓ ｏｆ ｃａｎｏｐｙ ｓｅｃｔｉｏｎ
　

２　 结果与分析

２. １　 茶园点云预处理结果

图 ５ 为站点 Ａ 的点云在姿态矫正前后的 Ｙ 坐

标轴方向视图，可见经姿态矫正后，ＬｉＤＡＲ 安装角度

带来的视角倾斜已被消除。

图 ５　 点云姿态矫正

Ｆｉｇ． ５　 Ｐｏｉｎｔ ｃｌｏｕｄ ｐｏｓｅ ｃｏｒｒｅｃｔｉｏｎ
　

对姿态矫正后的各站点点云进行 ＲＯＩ 划分选

取，得到的 ＲＯＩ 点云如图 ６ａ 所示，发现受茶垄间相

互遮挡的影响，单个站点采集的点云地面点大量缺

失，不利于后续点云的高程归一化；对各站 ＲＯＩ 点

云进行粗配准、精配准，得到点云如图 ６ｂ 所示。 配

准前，Ａ、Ｂ、Ｃ ３ 站点 ＲＯＩ 点云的密度分别为 ４ ６３２、
７ ２１５、７ ００５ 个 ／ ｍ２， 经配准后点云密度提升至

１８ ８５２ 个 ／ ｍ２，点云质量得到提高，地面点云、茶垄

点云更为完整。

图 ６　 点云配准

Ｆｉｇ． ６　 Ｐｏｉｎｔ ｃｌｏｕｄ ｒｅｇｉｓｔｒａｔｉｏｎ
　

图 ７ａ 为茶垄点云的局部放大图，发现有大量噪

点附着于茶垄表面，这些噪点具有离茶垄主体较远、
分布零散的特征。 噪点的存在可能会导致冠层高度

估计值的偏高，为此对点云进行统计滤波，滤波结果

如图 ７ｂ 所示，可见大部分噪点已得到剔除。
试验区的茶树种植于山地，茶园地形并不平整，

为此首先采用 ＣＳＦ 算法对点云进行地面点分离，分
离结果如图 ８ａ 所示，随后以地面点为基准对茶垄点

云进行高程归一化，消除了地形对点云高程的影响，
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归一化前后的点云如图 ８ｂ 所示。

图 ７　 统计滤波去噪

Ｆｉｇ． ７　 Ｄｅｎｏｉｓｉｎｇ ｂｙ ｓｔａｔｉｓｔｉｃａｌ ｆｉｌｔｅｒｉｎｇ
　

图 ８　 点云高程归一化

Ｆｉｇ． ８　 Ｎｏｒｍａｌｉｚａｔｉｏｎ ｏｆ ｐｏｉｎｔ ｃｌｏｕｄ ｅｌｅｖａｔｉｏｎ
　

２. ２　 ＣＨＭ 插值效果分析

从归一化点云中随机抽取 ９０％ 的点云后，分别

通过 ＩＤＷ、ＴＩＮ 在 ６ 个不同空间分辨率下生成 １２ 个

ＣＨＭ，随后以剩余的 １０％ 归一化点云作为验证点

云，ＲＭＳＥ、ＭＡＥ、粗差率作为评估指标，对 ＣＨＭ 进

行插值精度评价，结果如图 ９ 所示。 从图 ９ 可以看

出，在同一空间分辨率下，３ 项评价指标均为 ＴＩＮ 方

法生成的 ＣＨＭ 占据绝对优势，证明 ＴＩＮ 比 ＩＤＷ 更

适用于生成本研究对象的 ＣＨＭ。 在不同的空间分

辨率下，对于 ＲＭＳＥ、ＭＡＥ 两项评价指标，两种插值

法的表现具有一定的相似性，ＲＭＳＥ、ＭＡＥ 均随着空

间分辨率的下降而上升；在粗差率方面，两种插值法

的表现有所不同，ＩＤＷ 方法下的粗差率仍表现为随

　 　

图 ９　 插值精度验证结果

Ｆｉｇ． ９　 Ｉｎｔｅｒｐｏｌａｔｉｏｎ ａｃｃｕｒａｃｙ ｖｅｒｉｆｉｃａｔｉｏｎ ｒｅｓｕｌｔｓ
　

着空间分辨率的下降而上升，但 ＴＩＮ 方法下的粗差

率受空间分辨率影响较小，始终稳定在 ２. ５％以内。
从上述分析看，选择较高的空间分辨率能够获

得更高的插值精度，然而，当空间分辨率过高时，
ＣＨＭ 中会出现大量凹坑［３０］。 凹坑也被称为无效

值，是 ＣＨＭ 图像中黑色的栅格部分，由冠层部分的

高程突变造成，对冠层参数的提取有一定影响。 如

图 １０ 所示，相比于空间分辨率 ０. ０５ ｍ，空间分辨率

０. ０１ ｍ 下生成的 ＣＨＭ 虽然更加精细，但栅格图像

中的凹坑占有率较高。 综上所述，选择 ＴＩＮ 方法在

空间分辨率 ０. ０５ ｍ 下生成的 ＣＨＭ 进行后续冠层高

度的估计，此时验证点云与对应插值面高程间的

ＭＡＥ 为 ４. ８ ｃｍ，ＲＭＳＥ 为 ８. ６ ｃｍ。

图 １０　 ＣＨＭ 中的凹坑

Ｆｉｇ． １０　 Ｐｉｔｓ ｉｎ ＣＨＭ
　２. ３　 冠层高度估计结果

根据空间分辨率 ０. ０５ ｍ 下 ＴＩＮ 生成的 ＣＨＭ，

以 ＣＨＭ 栅格值的不同百分位数（９０ ～ １００ 间共计

２１ 个百分位数）作为上边界估计茶树冠层高度，与
冠层高度的实测值进行对比分析，结果如图 １１ 所

示。 对于 ＣＨＭ 中的百分位数，低百分位数表示接

近地面部分，高百分位数代表地面以上的植被高度。
如图 １１ａ、１１ｂ 所示， ＲＭＳＥ、ＭＡＥ 的变化趋势基本相

同，两者先随着百分位数的增加而下降，但在接近第

１００ 分位数时又迅速升高；如图 １１ｃ 所示，决定系数

Ｒ２在不同百分位数下始终保持在 ０. ８５ 以上，表明冠

层高度估计值与实测值之间具有良好的相关性，此
外，在第 １００ 分位数时 Ｒ２ 有所下降，这与 ＲＭＳＥ、
ＭＡＥ 的变化相符合。 上述结果中，高度估计的最佳

结果并非出现在第 １００ 分位数，其主要原因是高度

实测时不能保证采样点为实际冠层最高处，这与

ＬＵＯ 等［９］、王庆等［３１］ 的研究结果相一致。 因此，选
择 ＲＭＳＥ、ＭＡＥ 最小的第 ９８. ５ 分位数作为高度估计

的最佳百分位数，此时冠层高度估计值与实测值之

间的关系如图 １１ｄ 所示，Ｒ２为 ０. ８８，ＭＡＥ 为 ３. １７ ｃｍ，
ＲＭＳＥ 为 ４. １６ ｃｍ。
２. ４　 冠层轮廓拟合结果

图 １２ａ 为椭圆模型、二次多项式模型、高斯模型

对某一冠层点云进行曲线拟合的结果，可以看出，冠
层点云在二维平面上的整体分布呈弧状，与实际的

茶树冠层形状相符，３ 种模型拟合出的曲线均能反
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图 １１　 冠层高度估计结果

Ｆｉｇ． １１　 Ａｃｃｕｒａｃｙ ａｓｓｅｓｓｍｅｎｔ ｏｆ ｃａｎｏｐｙ ｈｅｉｇｈｔ ｅｓｔｉｍａｔｉｏｎ
　

映这一特征。 各冠层点云中，点云与拟合曲线的平

均最小距离 ｄｍｅａｎ 如图 １２ｂ 所示，计算不同模型下

ｄｍｅａｎ的均值 μ、方差 σ２，结果如下：椭圆模型下 μ 为

２. ８３ ｃｍ，σ２ 为 ０. ５６ ｃｍ２，二次多项式模型下 μ 为

２. ６０ ｃｍ，σ２为 ０. ２１ ｃｍ２，高斯模型下 μ 为 ２. ７１ ｃｍ，
σ２为０. ２９ ｃｍ２。 上述结果表明，相较于椭圆模型、高
斯模型，二次多项式模型拟合的曲线能更好地反映

　 　

图 １２　 冠层轮廓拟合结果

Ｆｉｇ． １２　 Ｒｅｓｕｌｔｓ ｏｆ ｃａｎｏｐｙ ｏｕｔｌｉｎｅ ｆｉｔｔｉｎｇ
　

茶树冠层的轮廓特征。

３　 结论

（１）提出了一种自然环境下茶树三维信息的高

通量获取方法，采用 ３Ｄ ＬｉＤＡＲ 从多个站点采集茶

园的点云数据，拼接并处理后得到高程归一化的茶

树点云。
（２）提出了一种茶树冠层轮廓形状表达方法，

在高程归一化的茶树点云的基础上，采用二次多项

式拟合冠层断面点云，点云与拟合曲线间平均最小

距离的均值为 ２. ６０ ｃｍ，方差为 ０. ２１ ｃｍ２。
（３）提出了一种茶树冠层高度估计方法，先采

用不规则三角网插值法生成茶树冠层高度模型，
在此基础上，以第 ９８. ５ 百分位数处的高程作为茶

树冠层高度，估计高度与实测值间的决定系数为

０. ８８，平均绝对误差为 ３. １７ ｃｍ，均方根误差为

４. １６ ｃｍ。
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Abstract: Accurate rice row detection is critical for autonomous agricultural machinery

navigation in complex paddy environments. Existing methods struggle with terrain un-

evenness, water reflections, and weed interference. This study aimed to develop a robust

rice row detection method by integrating multi-sensor data and leveraging robot travelling

prior information. A 3D point cloud acquisition system combining 2D LiDAR, AHRS,

and RTK-GNSS was designed. A variable-threshold segmentation method, dynamically

adjusted based on real-time posture perception, was proposed to handle terrain varia-

tions. Additionally, a clustering algorithm incorporating rice row spacing and robot path

constraints was developed to filter noise and classify seedlings. Experiments in dryland

with simulated seedlings and real paddy fields demonstrated high accuracy: maximum

absolute errors of 59.41 mm (dryland) and 69.36 mm (paddy), with standard deviations

of 14.79 mm and 19.18 mm, respectively. The method achieved a 0.6489◦ mean angular

error, outperforming existing algorithms. The fusion of posture-aware thresholding and

path-based clustering effectively addresses the challenges in complex rice fields. This work

enhances the automation of field management, offering a reliable solution for precision

agriculture in unstructured environments. Its technical framework can be adapted to other

row crop systems, promoting sustainable mechanization in global rice production.

Keywords: rice row detection; variable-threshold segmentation; prior information; multi-

sensors

1. Introduction

Rice is one of the three most important staple crops worldwide, predominantly grown

in the Asian monsoon region. In addition to its significant water requirements, which make

efficient water management crucial for sustainable production [1,2], rice cultivation also

plays a vital role in rural livelihoods, economic stability, and cultural practices, particu-

larly in the Asian monsoon region [3]. However, rice production still involves numerous

processes and remains labor-intensive. During the mid-term management phase of paddy

fields (including operations such as weeding, fertilization, and pesticide application), the

mechanization level remains notably low at merely 16.84% [4]. The primary machinery

used for tasks such as fertilization and pest control in rice fields is the highland gap sprayer,

which requires the operator to remain vigilant to prevent the tires from damaging the

rice plants. Similarly, rice weeding machines must also be operated carefully to avoid
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crushing the rice crops. Therefore, in complex agricultural environments, the rapid and

accurate identification of rice rows is crucial in enhancing the automation of field manage-

ment. This rice row recognition is essential in achieving automatic tracking and control in

agricultural machinery.

Currently, both domestic and international scholars primarily focus on crop row

recognition using ultrasonic sensors, visual sensors, and LiDAR. Ultrasonic waves exhibit

significant energy attenuation during atmospheric propagation, accompanied by lower

ranging accuracy and limited directivity. Additionally, their performance is susceptible to

temperature variations. These inherent limitations make ultrasonic technology generally un-

suitable as a standalone solution for environmental perception applications requiring high

precision [5]. However, it remains applicable in scenarios with relaxed accuracy require-

ments, such as obstacle detection in parking assistance systems [6]. Visual sensors, while

providing abundant information, face challenges due to the uncontrollable nature of agri-

cultural environments, such as fluctuations in light intensity [7]. Despite the development

of various algorithms to interpret environmental information, the results vary significantly

depending on the environment, crop type, sensor choice, and algorithm used [8–13]. LiDAR

has emerged as a prominent technology in precision agriculture (PA) due to its high ranging

accuracy, excellent real-time performance, and strong anti-interference capabilities [14–21].

LiDAR systems are typically classified as either two-dimensional (2D) or three-dimensional

(3D), based on their scanning mechanisms. While 3D LiDAR systems are expensive, 2D

LiDAR systems offer simpler structures, faster detection speeds, and lower costs, making

them more commonly used in research [22–25].

In complex agricultural environments, uneven terrain can cause significant bumps

during vehicle movement. However, 2D LiDAR, lacking height information, struggles

to fully reconstruct the terrain and may suffer from data distortion or false readings. To

address this challenge, many researchers have incorporated additional sensors for posture

correction, enabling the generation of 3D point cloud maps of crops. For example, Colaço

et al. combined 2D LiDAR and GNSS to create a scanning system capable of generating

3D models of citrus trees, including the canopy volume and height [26]. Miguel Garrido

et al. installed a total station, IMU, and multiple 2D LiDAR sensors oriented in different

directions on a vehicle. Due to the limitations of single-directional LiDAR for crop detection,

they employed the ICP algorithm to fuse point cloud data from different directions, thereby

enhancing the accuracy and reliability of the resulting 3D point clouds [27]. Similarly,

David et al. fused data from a total station, IMU, and 2D LiDAR sensors to generate 3D

point clouds for the clustering of individual maize seedlings at various growth stages. In

semi-structured environments, their crop detection system achieved a 100% detection rate.

However, their approach did not account for the crop shape and struggled to filter out

noise from weeds and other obstacles [28].

The paddy field environment in Southern China is highly complex, characterized by

varying water and soil depths across different fields [29]. The presence of water layers

in paddy fields presents significant challenges for visual identification systems through

two primary mechanisms: (1) specular reflections from water surfaces [30] and (2) the

chromatic and morphological characteristics of weeds, which closely resemble those of rice

seedlings. These coexisting factors substantially compromise the reliability of computer

vision-based weed detection in submerged agricultural environments. Additionally, the

uneven hard bottom layer of paddy fields causes frequent posture changes in field operation

machinery [31]. When a 2D LiDAR is mounted on a mobile platform, the reconstructed

environmental data often suffer from inaccuracies in height information. To address these

challenges, this study presents a 3D information acquisition system that integrates 2D

LiDAR, an attitude and heading reference system (AHRS), and a global navigation satellite
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system (GNSS). Furthermore, a variable-threshold segmentation method is proposed, along

with a rice row classification technique based on prior information.

2. Materials and Methods

2.1. Three-Dimensional Point Cloud Acquisition and Preprocessing

2.1.1. LiDAR and AHRS Sensor Coordinate Calibration

Coordinate calibration, as illustrated in Figure 1, involves three coordinate systems: the

LiDAR coordinate system (OlXlYlZl), the vehicle coordinate system (OV XVYV ZV), and the

geodetic coordinate system (OW XWYW ZW). In this system, the XW and YW coordinates are

derived from the Gaussian–Krüger projection transformation within the WGS-84 geocentric

coordinate system, while the ZW coordinate represents elevation information (the elevation

is adjusted by subtracting the installation height).

attitude and heading reference system 

rice row classification technique based on prior information.

𝑂𝑂𝑙𝑙𝑋𝑋𝑙𝑙𝑌𝑌𝑙𝑙𝑍𝑍𝑙𝑙 𝑂𝑂𝑉𝑉𝑋𝑋𝑉𝑉𝑌𝑌𝑉𝑉𝑍𝑍𝑉𝑉𝑂𝑂𝑊𝑊𝑋𝑋𝑊𝑊𝑌𝑌𝑊𝑊𝑍𝑍𝑊𝑊 𝑋𝑋𝑊𝑊 𝑌𝑌𝑊𝑊𝑍𝑍𝑊𝑊

 

the robot is a rigid body, the vehicle coordinate system is defined with 𝑂𝑂𝑉𝑉
𝑃𝑃 𝜌𝜌 𝜃𝜃 𝑃𝑃𝑙𝑙𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃 ∗ 𝜌𝜌 𝑐𝑐𝑠𝑠𝑠𝑠 𝜃𝜃 ∗ 𝜌𝜌 𝑃𝑃𝑉𝑉 𝑋𝑋𝑉𝑉 𝑌𝑌𝑉𝑉 𝑍𝑍𝑉𝑉𝑂𝑂𝑙𝑙 𝑂𝑂𝑙𝑙′ 𝑂𝑂𝑣𝑣

( ) ( )

( ) ( )
ϕ ϕ
ϕ ϕ

− − −  
    = ∗ ∗ +    
  − − −   𝑑𝑑𝑥𝑥23 𝑑𝑑𝑦𝑦23 𝑂𝑂𝑙𝑙′ 𝑂𝑂𝑣𝑣 𝑋𝑋𝑉𝑉 𝑌𝑌𝑉𝑉𝛼𝛼𝑍𝑍𝑉𝑉 𝜑𝜑 𝑌𝑌𝑉𝑉

Figure 1. Schematic representation of acquisition process.

Assuming that the robot is a rigid body, the vehicle coordinate system is defined with

the point projected by the main GNSS antenna onto the ground as the origin (OV).

(1) Conversion of LiDAR Coordinate System to Vehicle Coordinate System

Assume that a LiDAR scanning point P(ρ, θ) corresponds to the point Pl =

[cosθ ∗ ρ; sinθ ∗ ρ; 0] in the LiDAR coordinate system and the point PV = [XV ; YV ; ZV ]

in the vehicle coordinate system. Let the origin of the LiDAR coordinate system, denoted

by Ol , be projected onto the vehicle coordinate system at O′

l , while Ov is the origin of

the vehicle coordinate system. Therefore, the transformation from the LiDAR coordinate

system to the vehicle coordinate system can be described as

PV =

1 0 0

0 cosϕ sinϕ

0 −sinϕ cosϕ

 ∗

cos(−a) 0 −sin(−a)

0 1 0

sin(−a) 0 cos(−a)

 ∗ Pl +
[
dx23; dy23; Hl

]T
(1)

where dx23 and dy23 are the installation distances of O′

l and Ov in the XV axis and YV axis

directions, respectively, in mm; α is the angle between the LiDAR and the vertical line (ZV),

in deg; ϕ is the angle between the LiDAR and the horizontal line (YV), in deg.
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(2) Conversion of the Vehicle Coordinate System to the Geodetic Coordinate System

The attitude and heading reference system (AHRS) is installed at the center of the front

section of the vehicle to accurately measure the vehicle’s roll (a−x) and pitch (a−y) angles.

The dual-antenna GNSS system provides the heading angle (a−z). The comprehensive rota-

tion matrix WRV, which transforms the vehicle coordinate system to the geodetic coordinate

system, can be derived from the global roll–pitch–heading (RPH) matrix (Equation (2)). As-

suming that the origin of the vehicle coordinate system, OV , corresponds to the point OW−V

in the geodetic coordinate system, and OW−G denotes the current position as determined

by the GNSS, the relationship between OW−V and OW−G is as shown in Equation (3).

W RV = RT
Z ∗ RT

Y ∗ RT
X

=

cosa_ycosa_z −cosa_xsina_z + cosa_zsina_xsina_y sina_xsina_z + cosa_xcosa_zsina_y

cosa_ysina_z cosa_xcosa_z + sina_xsina_ysina_z −sina_xcosa_z + cosa_xsina_ysina_z

−sina_y cosa_ysina_x cosa_xcosa_y

 (2)

OW−V = OW−G + W RV ∗ (OV − OG) (3)

As shown in Equation (4), the point in the vehicle coordinate system is transformed to

the corresponding point in the geodetic coordinate system. XW

YW

ZW

 =

 XV

YV

ZV

 ∗
W RV + OW−V (4)

2.1.2. Outlier Elimination Based on the Pauta Criterion

The teleoperated robotic vehicle was navigated through uneven, weed-free, and weed-

covered dryland (where simulated rice seedlings were pre-planted with 300 mm row

spacing) to conduct sensor data pre-collection for algorithm development and parameter

calibration, as illustrated in Figure 2.
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Outlier Elimination Based on the Pauta Criterion

  

(a) uneven, weed-free dryland (b) uneven, weed-covered dryland 

Sharp edges and reflective surfaces can cause

𝑋𝑋𝑙𝑙 axis direction. To eliminate the influ-
σ 

Figure 2. Data pre-collection environment.

Sharp edges and reflective surfaces can cause the misalignment of the LiDAR beam,

resulting in “ghost points” [32], also known as outliers. As illustrated in Figure 3, the

LiDAR data are converted from polar to Cartesian coordinates, which may introduce rough

spots. These points typically deviate along the Xl-axis direction. To eliminate the influence

of outliers, the Pauta criterion (also known as the 3σ criterion) is employed for detection

and judgment.
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(a) uneven, weed-free dryland (scanning range = ±40°, 

sampling time = 56 s) 

(b) uneven, weed-covered dryland (scanning range = ±20°, 

sampling time = 47.2 s) 
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Figure 3. Conversion from polar coordinates to Cartesian coordinates.

The 3D point cloud data are reconstructed by fusing information from the LiDAR,

AHRS, and GNSS sensors. Figure 4a,b display the 3D point cloud, including outliers (in

red box and circles). The presence of outliers reduces the clarity of the environmental

information. Figure 4c,d presents the 3D point cloud after outlier removal using the Pauta

criterion, where different colors of solid points correspond to the varying height values of

objects within the environment. The results demonstrate that the rice rows and ground

features are clearly discernible, and the proposed method effectively mitigates the influence

of outliers.

ff

ff

 

 

 

 

(a) outliers in weed-free dryland (b) outliers in weed-covered dryland 

  

(c) point cloud after outlier removal in weed-free dryland (d) point cloud after outlier removal in weed-covered land 

Figure 4. Point cloud data pre-processing.
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2.2. Rice Row Recognition Method Based on Multi-Sensor Information

2.2.1. Variable-Threshold Object Segmentation Method Based on Posture Perception

Accurate object segmentation is a critical prerequisite for obstacle segmentation

and recognition. Commonly employed object segmentation methods, such as plane fit-

ting [33–35], often rely on simplifying assumptions about the environment. However,

point cloud data, after outlier removal, more accurately reflect real field conditions. The

height variations of individual data points are influenced by several factors, including

the terrain and environmental conditions, which complicates the establishment of a fixed

threshold for segmentation. To address this challenge, we propose a variable-threshold

object segmentation method based on posture perception. This approach adapts the seg-

mentation threshold dynamically, accommodating the variability in the field conditions

and improving the segmentation accuracy.

As shown in Figure 5, due to the uneven hard layer of the paddy field, the robot’s

posture undergoes frequent changes. Equation (5) is employed to correct the robot’s posture

and mitigate the impact of posture variations on object segmentation. Using trigonometric

relationships, the distance between the i-th LiDAR scanning line and the robot’s position

can be calculated as L−X = Hl ∗ tanβ, where β = 90◦ − α. Within the same LIDAR frame,

the maximum height difference between the ground point cloud and the LiDAR scanning

center point is given by

Z_cha(i) = L−Y ∗ tan(a−x1) (5)

where L−Y = abs
(

tanθ ∗ Hl
cosβ

)
, and θ represents the LiDAR’s field of view angle, while

a−x1 is the roll angle of the LiDAR scanning position. A certain distance exists between

the current measured roll angle position of the robot and a−x1.

Threshold Object Segmentation Method Based on Posture Perception

recognition. Commonly employed object segmentation methods, such as plane fitting 

data, after outlier removal, more accurately reflect real field conditions. The height varia-
tions of individual data points are influenced by several factors, including
environmental conditions, which complicates the establishment of a fi

field conditions and improv-

  
(a) Vehicle posture  (b) Automatic threshold setting 

Schematic diagram of automatic threshold setting
under different poses.

, due to the uneven hard layer of the paddy field, the robot’s 

𝐿𝐿−𝑋𝑋 𝐻𝐻𝑙𝑙 ∗ 𝛽𝛽 𝛽𝛽 − 𝛼𝛼
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corresponding roll angle error. Based on this observation, we propose using an exponen-

Figure 5. Schematic diagram of automatic threshold setting. Note: red and blue solid lines indicate

LiDAR scanning boundaries under different poses.

In general, the closer the LiDAR frame is to the LiDAR scanning line, the smaller the

corresponding roll angle error. Based on this observation, we propose using an exponential

smoothing model for data prediction. The exponential smoothing model is an enhanced ver-

sion of the moving average model, with the key feature that the weight of the data increases

as the data points grow closer in time, with the most recent data receiving the highest

weight. Therefore, the exponential smoothing model is chosen for data prediction [36]. The

smoothing equation is expressed as

a−x1 = ka ∗ a−x(i) + ka ∗ (1 − ka) ∗ a−x(i − 1) + · · · ka ∗ (1 − ka)
9
∗ a−x(i − 9) (6)

where Ka is the smoothing coefficient (with 0 < Ka < 1). In the exponential smoothing

model, the smoothing coefficient α directly determines the trade-off between prediction
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sensitivity and stability. According to [37,38], when handling time series with significant

fluctuations, moderate smoothing (α = 0.3–0.5) is generally recommended to balance noise

suppression and trend responsiveness. Considering the large fluctuations in the data, Ka is

set to 0.5.

If the value of a−x1 is close to zero, it indicates that the ground is nearly flat. Con-

versely, if the value is significant, it suggests that the ground is uneven and there is a height

difference within the LiDAR frame scanning area. By using trigonometric relationships to

calculate the maximum possible height difference, the threshold Z−T(i) is determined as

in Equation (7):

Z−T(i) = mean(Zw(i, :)) + Z_cha(i) (7)

where Zw(i, :) represents the height data of the ground point cloud, in mm.

To further validate the advantages of the proposed variable-threshold segmentation

method, a set of comparative experiments was designed to evaluate its performance

against conventional fixed-threshold segmentation, with the results presented in Figure 6.

A comparative analysis of Figure 6a,b reveals that, while the fixed-threshold algorithm

demonstrates limited efficacy in terrain segmentation by failing to completely isolate rice

seedlings from the background, the proposed variable-threshold segmentation method

successfully extracts two distinct rice seedling rows in the weed-free dryland. Equation (7)

can only classify ground and non-ground point clouds, and it fails to segment seedlings

from weeds in the weed-covered field (Figure 7a). To address this limitation, Equation (7)

was enhanced by integrating the height differential between weeds and seedlings (where

weeds exhibit lower vertical profiles than seedlings), yielding Equation (8) for complete

seedling segmentation. The segmentation performance of Equation (8) in weed-covered

scenarios is demonstrated in Figure 7b.

Z−T(i) = mean(Zw(i, :)) + Z_cha(i) + PTh (8)

where PTh represents the pass-through filter coefficient. Considering the emergence height

of rice seedlings, the PTh value should satisfy PTh ≤ 40 for directly seeded fields and PTh

≤ 140 for transplanted fields. In this study, PTh is set to 30.
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(a) Fixed-threshold method (without Z_cha(i) term) for 

segmentation of weed-free dataset 

(b) Variable-threshold method (with Z_cha(i) term) 

for segmentation of weed-free dataset 
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Figure 6. Comparative analysis of the proposed variable-threshold method (the non-ground points

are marked with red asterisks (*)).
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through filter coefficient. Considering the emergence 

≤ seeded fields 
≤ 140 for transplanted fields. In this study, 

  

(a) Variable-threshold method (with PTh term) for seg-

mentation of weed-covered dataset (before) 

(b) Variable-threshold method (with PTh term) for seg-

mentation of weed-covered dataset (after) 

Rice Row Cluster Method Based on Prior Information

In a given LiDAR frame, there are significant positional differences between rice rows 
in the geodetic coordinate system. Based on this characteristic, the non

classified to extract the center point. The specific 
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Center Point Classification Based on Robot Travelling Path

Figure 7. Comparative analysis of the proposed variable-threshold method on the weed-

covered dataset.

2.2.2. Rice Row Cluster Method Based on Prior Information

(1) Extraction of the Center Point of Rice Rows

In a given LiDAR frame, there are significant positional differences between rice rows

in the geodetic coordinate system. Based on this characteristic, the non-ground point cloud

data for each LiDAR frame are classified to extract the center point. The specific steps are

as follows.

• Threshold Setting

The threshold Tlidar is determined based on the mathematical model derived in

Equation (9). In this equation, the LiDAR’s angular resolution is 0.36◦ (HOKUYO’s URG-

04LX), line_space represents the row spacing of the rice rows, and w−l ∈ [0, 1] is the

proportional coefficient. The row spacing parameter (line_space) can be dynamically set

to 25 or 30 cm depending on the seeder type, while incorporating a row spacing variation

coefficient w_l to quantify field-level fluctuations caused by mechanical vibrations and

terrain undulations.

Tlidar =
line_space ∗ w_l

L_Y
∗

abs(θ)

0.36
=

line_space ∗ w_l

abs
(

tanθ ∗ HL
cosβ

) ∗

abs(θ)

0.36
(9)

• Data Classification

The non-ground point cloud data are classified by calculating their spatial characteris-

tics and comparing them with the threshold Tlidar. This results in the classification of the

data points into distinct groups.

• Center Point Extraction

If the classified point cloud data contain multiple rice rows, the center point of each

cluster is identified by extracting the midpoint within each category.

If only one category is identified, the midpoint of the entire non-ground point cloud

data is set as the center point.

(2) Center Point Classification Based on Robot Travelling Path

In seedling row recognition, positional relationships are commonly utilized for clus-

tering [11]. As shown in Figure 8, the red dots represent the non-ground point data that
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have been denoised and processed to extract the center points from the LiDAR data, while

the yellow route represents the robot’s travelling path, which separates two rows of rice.

Additionally, the autonomous robot is equipped with a GNSS system. Based on this setup,

a classification method is proposed that leverages the relationship between the rice rows

and the robot’s travelling path (prior information).

      
(a) Non-ground point  (b) Center point (𝑤ି𝑙 = 0.75) 

𝑑𝑖𝑠
ffሺ𝑋௏ 𝑌௏ 𝑍௏ 𝑑𝑖𝑠 𝑌௏

𝑙𝑖𝑛𝑒 𝑠𝑝𝑎𝑐𝑒𝑙𝑎𝑏𝑒𝑙𝑙𝑎𝑏𝑒𝑙ି𝑛𝑢𝑚ି𝑠𝑢𝑚
𝑙𝑎𝑏𝑒𝑙 𝑐𝑒𝑖𝑙 ቀௗ௜௦ି௟௜௡௘_௦௣௔௖௘∗଴ ହ௟௜௡௘ ௦௣௔௖௘ ቁ

tt

𝑇௡௨௠௕௘௥ 𝑚𝑒𝑎𝑛ሺ𝑙𝑎𝑏𝑒𝑙ି𝑛𝑢𝑚ି𝑠𝑢𝑚
𝑋௪ 𝑌௪

N
o

rt
h
 (

m
m

)

Figure 8. Center point extraction.

• Horizontal Distance Calculation

First, in the same frame, the horizontal distance in the vehicle coordinate system

between the center point of the rice row and the robot’s travelling path is computed. This

distance is denoted as dis. In this study, the origin of the vehicle coordinate system is

defined as the point where the main GNSS antenna projects onto the ground. Therefore, the

robot’s travelling path serves as the origin of the vehicle coordinate system at different data

acquisition times. If a point in the vehicle coordinate system is represented by (XV , YV , ZV),

the distance is given by

dis = YV (10)

• Point Clustering

Next, the center points are clustered using Equation (11). Here, line_space denotes the

rice row spacing, and label is the variable representing the category label. Simultaneously,

the variable label−num−sum is used to count the number of center points in each category.

label = ceil

(
dis − line_space ∗ 0.5

line_space

)
(11)

• Elimination of Small Weed Interference

While the point cloud data have already been processed to remove outliers and low

weeds, some weeds that are comparable in height to rice may still remain. To further

enhance the accuracy of rice row recognition, a second round of denoising is performed

before fitting the rice rows. Given that rice is planted in rows, the number of center points

within each clustering category is significantly greater than that of small-weed areas. A

threshold value Tnumber = mean(label−num−sum) is set. When the number of points within

a cluster exceeds this threshold, the region is classified as a rice row. Otherwise, the area is

considered noisy and is removed. Finally, as shown in Figure 9, the data corresponding to

the Xw and Yw axes of the seedling cluster are extracted.
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Figure 9. Center point clustering.

3. Experiment and Discussion

In order to verify the effectiveness of the algorithm, we used the robot to conduct

validation experiments on sloped terrain (Figure 10d), in dryland (Figure 3a), and in a paddy

field (Figure 10e). The experimental platform and environment are shown in Figure 10a.

The data collection was composed of HOKUYO’s URG-04LX 2D LiDAR (10 Hz, ambient

light resistance: 10,000 Lx or less), XSENS’ MTI-300 AHRS (10 Hz), and RTK-GNSS (10 Hz),

etc. The sensor data acquisition system was i processed in the multithreaded software

platform developed in LabVIEW 2015 (National Instruments, Austin, TX, USA. As shown

in Figure 10b, a customized software architecture was specifically designed to handle

parallel data processing from multiple sensor channels. The development environment

operated on a Windows-based laptop (Core i5-7200U, 8GB DDR4 RAM), which provided

sufficient computational resources for real-time data acquisition and processing tasks. The

installation height of the 2D LiDAR was 1220 mm, with the angle α between the installation

angle and Zv axis being 54.5◦, and the angle ϕ between the installation angle and Y_v

axis was 1.744◦. The field of view angle was θ ∈ [−10o, 12o], the installation height was

Hl = 1220 mm, the proportional coefficient w−l = 0.75, and the rice planting row spacing

was 300 mm. According to Equation (9), the clustering threshold was Tlidar ≈ [23.54, 23.65].

Therefore, in the experiment, the value of Tlidar was set to 24.

During the experiment, the data collection platform moved in a straight line along

the rice rows. The forward speeds of the experimental platform in the simulated and field

environments were approximately 0.2 m/s and 1 m/s, respectively. The experimental site

was located at the Zengcheng Experimental Base of South China Agricultural University in

Guangzhou, China.

The rice row recognition results based on the robot’s travelling path are shown in

Figure 11. In this figure, the yellow symbol represents the vehicle’s position in the geodetic

coordinate system, obtained via the GNSS. The red asterisk (*) symbol indicates the manu-

ally measured position using the CTI RTK-DGPS I70. The solid points in various colors

correspond to the center points of different objects: red points represent the center points

of noisy areas, while blue and green points denote the center points of the rice rows. After

clustering, the center points are fitted into straight lines using the robust regression method.

Different line types represent the fitted results of different rice rows. The results indicate
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that the manually measured rice positions predominantly lie on the fitted straight lines of

the rice rows.

 

(a) Rice seedling row recognition robot 

    

(b) Flowchart of multi-

threaded synchronous 

acquisition 

(c) Customized software GUI 

(d) Experimental setup of 

simulated seedling on sloped 

terrain (sampling time = 17.8 

s) 

 

(e) Paddy field environment (sampling time = 55 s) 

. In this figure, the yellow symbol represents the vehicle’s position in the geodetic 

correspond to the center points of different objects: red points represent the center points 

Figure 10. Experimental data collection platform and experimental environment.
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Figure 11. Seedling row detection experiments. Note: numbers 1–12 are indexes of RTK-GNSS

measuring points.
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In order to further evaluate the accuracy of the fitting rice line, the error ε l was defined

as the vertical distance from the RTK-GNSS measurement value to the fitting line. On

the sloped terrain, the simulated seedling row fitting results were as shown in Figure 11a,

where the linear equation for seedling rows is y = 1.9756∗x + 1657242002.64. In the

dryland, the simulated seedling row fitting results were as shown in Figure 11b, where

the linear equations for seedling rows 1 and 2 are y = −0.53 ∗ x + 2817020373.78 and

y = −0.524 ∗ x + 2814010460.1, respectively. In the paddy field, the fitting results of the

seedling rows were as shown in Figure 11c. The linear equations for seedling rows 1 and

2 are y = −0.3672 ∗ x + 2741494099.49 and y = −0.3777 ∗ x + 274637039.18, respectively.

The error analysis results of seedling position recognition are shown in Table 1, where the

maximum absolute error, minimum absolute error, and standard deviation on sloped terrain

are shown to be 27.42 mm, 1.81 mm, and 7.66 mm, respectively; the maximum absolute

error, minimum absolute error, and standard deviation in the dryland are 59.41 mm, 0.86

mm, and 14.79 mm, respectively; and the maximum error, minimum error, and standard

deviation in the paddy field are 69.36 mm, 0.53 mm, and 19.18 mm, respectively.

Table 1. Seedling position recognition results.

Seedling position recognition on
sloped terrain

RTK-GNSS measuring point 1 2 3 4 5 6

absolute error (mm) 27.42 21.82 15.86 1.81 9.72 5.03

RTK-GNSS measuring point 7 8 9 10 11 12

absolute error (mm) 9.40 4.12 9.67 9.86 10.09 19.55

Seedling position recognition in
dryland

RTK-GNSS measuring point 1 2 3 4 5 6

absolute error (mm) 15.18 14.70 0.86 10.57 4.89 59.41

RTK-GNSS measuring point 7 8 9 10 11 12

absolute error (mm) 27.04 10.87 13.31 16.59 16.41 16.09

Seedling position recognition in
paddy field

RTK-GNSS measuring point 1 2 3 4 5 6

absolute error (mm) 32.60 69.36 4.28 33.79 3.34 13.81

RTK-GNSS measuring point 7 8 9 10 11 12

absolute error (mm) 7.01 0.53 27.66 13.48 21.69 13.17

The experimental results demonstrate that fusing data from LiDAR, AHRS, and GNSS

enables the accurate reconstruction of 3D point cloud data. Furthermore, the straight lines

fitted to the point cloud data effectively represent the positional information of the rice rows.

The standard deviations under the two conditions are 14.79 mm and 19.18 mm, respectively.

Notably, the position errors at point 6 in the simulated environment and at point 2 in the

real environment are relatively large. The occurrence of significant errors can be attributed

to the following factors. The objective of this study was to estimate the straight lines of

seedling rows, thereby providing a reference path for robot navigation. Consequently,

we employed a robust regression method to fit the positioning points of seedlings. The

main characteristic of this method lies in its ability to identify and disregard potential

points with a strong influence that deviate from the model structure, thereby ensuring the

fitting effect of in-structure points. As a result, significant statistical errors may occur for

individual outlier points (point 6 in the simulated environment and point 2 in the paddy

field). For the task of robot navigation operations, it is beneficial to ignore individual outlier

seedling points when fitting the straight line, as it aids in maintaining and controlling the

stability of the heading. Therefore, future compensation is not necessary. Furthermore, the

reference points used in this study correspond to the actual positions of the rice seedlings.
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However, due to variations in the soil’s bottom layer during the planting process, the precise

positioning of seedlings—when transplanted or sown by machinery—inevitably deviates

from the ideal straight-line path of the entire row. This inherent deviation can be attributed

to the uneven nature of the field’s bottom layer, which affects the accurate alignment of the

seedlings. To further evaluate the performance of the proposed algorithm, a comparative

analysis was conducted against the crop row identification methods proposed in [38,39].

The quantitative comparison results are presented in Table 2.

Table 2. Comparison of three algorithms for rice seedling centerline extraction.

Algorithm Type Mean Angular Error (◦) Mean Processing Time (ms)

Proposed (paddy field) 0.6489 50.67
[38] 3.14 192.52
[39] 1.124 20.1

Note: The angular error metric is defined as the angle between the ground-truth line fitted to seedling positions
and the estimated line derived by the proposed algorithm, ensuring consistent evaluation criteria with the
referenced methods.

As evidenced in Table 2, the proposed algorithm achieves a significant improvement

in angular accuracy, outperforming both [38] (by 79.3%) and [39] (by 42.3%). While the

computational time of our method (50.67 ms per iteration) is moderately higher than

that of [39], it successfully fulfills the real-time processing requirement for LiDAR data

acquisition at 10 Hz. Furthermore, it should be noted that the current implementation

leaves room for hardware optimization to enhance the computational efficiency.

4. Conclusions

This study presents a robust framework for rice row detection in complex paddy

environments. Firstly, a multi-sensor fusion system integrating 2D LiDAR, AHRS, and

RTK-GNSS was developed to reconstruct 3D point clouds, effectively compensating for

height distortions caused by the uneven terrain. Secondly, the proposed variable-threshold

segmentation method, dynamically adjusted through posture perception, demonstrated

superior adaptability to field variations compared to fixed-threshold approaches. By

incorporating robot travelling path constraints and prior information about the rice row

spacing, the clustering algorithm successfully filtered out weed interference and achieved

accurate seedling localization. Experimental validation across sloped land, dryland, and

submerged paddy fields confirmed the method’s reliability, with standard deviations below

20 mm and angular errors under 0.65◦, outperforming existing techniques. These results

highlight the method’s potential to enhance the autonomous navigation accuracy in real-

world agricultural operations. Future research will focus on optimizing the computational

efficiency through hardware acceleration and integrating MEMS-IMU with stereo visual

odometry to address GNSS-denied scenarios. Additionally, extending this framework to

diverse crop types and multi-robot coordination systems will further advance precision

agriculture technologies.
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Abstract: The yield and quality of rice are closely related to field management. The automatic

identification of field abnormalities, such as diseases and pests, based on computer vision currently

mainly relies on high spatial resolution (HSR) images obtained through manual field inspection.

In order to achieve automatic and efficient acquisition of HSR images, based on the capability of

high-throughput field inspection of UAV remote sensing and combining the advantages of high-

flying efficiency and low-flying resolution, this paper proposes a method of “far-view and close-look”

autonomous field inspection by unmanned aerial vehicle (UAV) to acquire HSR images of abnormal

areas in the rice canopy. First, the UAV equipped with a multispectral camera flies high to scan the

whole field efficiently and obtain multispectral images. Secondly, abnormal areas (namely areas

with poor growth) are identified from the multispectral images, and then the geographical locations

of identified areas are positioned with a single-image method instead of the most used method of

reconstruction, sacrificing part of positioning accuracy for efficiency. Finally, the optimal path for

traversing abnormal areas is planned through the nearest-neighbor algorithm, and then the UAV

equipped with a visible light camera flies low to capture HSR images of abnormal areas along the

planned path, thereby acquiring the “close-look” features of the rice canopy. The experimental results

demonstrate that the proposed method can identify abnormal areas, including diseases and pests,

lack of seedlings, lodging, etc. The average absolute error (AAE) of single-image positioning is

13.2 cm, which can meet the accuracy requirements of the application in this paper. Additionally,

the efficiency is greatly improved compared to reconstruction positioning. The ground sampling

distance (GSD) of the acquired HSR image can reach 0.027 cm/pixel, or even smaller, which can

meet the resolution requirements of even leaf-scale deep-learning classification. The HSR image

can provide high-quality data for subsequent automatic identification of field abnormalities such as

diseases and pests, thereby offering technical support for the realization of the UAV-based automatic

rice field inspection system. The proposed method can also provide references for the automatic field

management of other crops, such as wheat.

Keywords: unmanned aerial vehicle (UAV); rice canopy; abnormal area; single-image positioning;

high spatial resolution (HSR); autonomous field inspection; diseases and pests

1. Introduction

Rice is one of the most important food crops in China and even in the world. Its
production affects the food security of the country [1–3], and the yield and quality of rice
are closely related to field management [4,5]. In recent years, in order to improve the
efficiency and quality of field management, researchers in the agricultural field have devel-
oped various types of automatic equipment (such as self-driving agricultural machinery,
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agricultural UAVs, etc.) to perform management actions such as fertilization and pesti-
cide application [6–8]. However, field management decisions are currently mainly made
through manual field inspections. In order to detect diseases and pests, water and fertilizer
management problems, and other issues in time, agricultural experts regularly observe
the rice fields according to the established route. Generally, they first look at the whole
from a distance, find abnormalities, then look closer at the details and record. Manual field
inspection is not only labor-intensive and inefficient but also depends on experience and
has high subjectivity.

With the mature development of UAV and sensor technology and the popularization
of agricultural UAVs, UAVs can be equipped with various sensors for multi-modal and
high-throughput field inspection [8,9], and those equipped with multispectral cameras
are now especially widely used to achieve precision agriculture [10–13]. Compared with
manual field inspection, the advantages of UAV field inspection are shown in Table 1. In
addition, the development of artificial intelligence technology provides a “brain” for field
management decision making [14], among which the development of computer vision
technology provides technical means for automatically identifying abnormal conditions in
the field, such as diseases and pests [15–22].

Table 1. Comparison between manual field inspection and UAV field inspection.

Manual Field Inspection UAV Field Inspection

High labor intensity, low efficiency, and low
frequency

Easy to automate, high efficiency, and high
frequency

Visual observation,
limited field of view, and high subjectivity

Machine recognition, wide field of view, and
high objectivity

Difficult to go to the ground in the middle and
later stages of crop growth

Available in the whole growth period of crops

Difficult to record and trace Easy to record and trace

Su et al. [23] proposed a method for identifying wheat yellow rust by learning from
multispectral UAV imagery, and the experimental results indicated that (1) good classifi-
cation performance (with an average precision, recall, and accuracy of 89.2%, 89.4%, and
89.3%) was achieved; (2) the top three vegetation indices (VIs) for separating healthy and
yellow rust infected wheat plants were the Ratio Vegetation Index (RVI), Normalized Dif-
ference Vegetation Index (NDVI), and Optimized Soil-Adjusted Vegetation Index (OSAVI),
while the top two spectral bands were Near-Infrared (NIR) and Red. A high-throughput
method for above-ground estimation of biomass in rice using multispectral imagery cap-
tured at different scales of the crop was proposed by Devia et al. [24], in which seven VIs
were calculated to model the relationship, and the results have shown that the proposed
approach was able to estimate the biomass of large areas of the crop with an average
correlation of 0.76. Kim et al. [25] used the VI extracted from UAV multispectral imagery
for crop damage assessment after chemical exposure, and the results demonstrated that the
NDVI was capable of reflecting the plant response to chemical exposure and was feasible
as an alternative for crop monitoring, damage assessment after chemical exposure, and
yield prediction. Wang et al. [12] studied the estimation of the nitrogen status of paddy rice
at the vegetative phase using UAV-based multispectral imagery and found an index-based
model which correlated well with the N-index values. Many studies have shown that
the VI based on UAV multispectral remote sensing images can be used to monitor the
growth status of rice and other crops [10–13,23–26]. However, there is a contradiction in
the low-altitude remote sensing of UAVs: by flying high, the efficiency is high, but the
image spatial resolution is low; by flying low, the image spatial resolution is high, but the
efficiency is low. In addition, multispectral remote sensing has the problem of the same
spectrum and foreign objects (namely different abnormalities with the same appearance in
remote sensing images), which makes it difficult to discriminate different abnormalities [26].
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Therefore, exploring how to efficiently inspect the field to acquire rich and useful data
for determining whether crop growth exhibits abnormal conditions and even identifying
specific types of abnormalities is the objective of this study.

State-of-the-art large-scale deep learning frameworks have been tested by Rahman
et al. [15] to investigate the effectiveness in rice plant disease and pest identification from
images collected from real-life environments, while they proposed a novel two-stage light-
weight Convolutional Neural Network (CNN) highly effective for mobile device based
rice plant disease and pest detection, which could be an effective tool for farmers in a
remote environment. Chen et al. [16] have combined the DenseNet and inception module
to achieve an average predicting accuracy of no less than 94.07% in the public dataset.
Shrivastava et al. [17] used VGG16 for classifying the diseases from the 1216 images of
seven classes and achieved 93.11% accuracy. Patil et al. [18] proposed a novel multi-modal
data fusion framework to diagnose rice diseases using the numerical features extracted
from agro-meteorological data collected from sensors and the visual features extracted from
the captured rice images, and the experimental results demonstrated that the proposed
framework outperformed the outcome of unimodal frameworks. For rapid detection of
nutrient stress, Anami et al. [19] used VGG16 for different biotic and abiotic stress detection
in rice, while Wang et al. [20] combined CNN and reinforcement learning for NPK detection.
Dey et al. [21] have evaluated the performance of CNN-based pre-trained models for the
efficient detection of biotic stressed rice leaves caused by two fungal diseases, one insect
pest, and three abiotic stressed leaves caused by NPK deficiency by using both public and
field data collected, respectively, from laboratory and real field conditions. Hu et al. [22]
proposed a rice pest identification method based on a CNN and migration learning, which
effectively improved the recognition accuracy of pest images and significantly reduced
the number of model parameters. From the above literature, it can be seen that significant
achievements have been made in the automatic identification of field abnormalities, such
as diseases and pests, based on visible light images [15–22,26]. However, the training and
application of the recognition model all rely on HSR images, currently mainly obtained
manually, which is not only inefficient but also labor-intensive. Therefore, the automatic
acquisition of HSR images is also the starting point of this research.

In general, UAVs have been widely used in the field of agriculture, and UAVs equipped
with multispectral cameras have greatly improved the efficiency of field inspections. How-
ever, if UAVs fly high, the image spatial resolution will be low, and if UAVs fly low, the
efficiency will be low. In addition, automatic recognition relies on HSR images. If we can
simulate the method of manual field inspection, “first view far then look close”, and com-
bine the advantages of high-flying and low-flying, or specifically, first preliminarily identify
abnormal areas efficiently at a high altitude and then accurately identify abnormal areas at
a low altitude, both efficiency and precision can be achieved. Based on the above idea, we
propose an automatic field inspection system, as shown in Figure 1. Based on this system, a
method for acquiring HSR images of rice canopy abnormal areas by autonomous UAV field
inspection is proposed in this paper. First, the UAV equipped with a multispectral camera
flies high to scan the whole field efficiently and obtain multispectral images. Secondly,
abnormal areas (namely areas with poor growth) are identified from the multispectral
images, and then the geographical locations of identified abnormal areas are positioned
with a single-image method instead of the most used method of reconstruction, sacrificing
part of positioning accuracy for efficiency. Finally, the optimal path for traversing abnormal
areas is planned through the nearest-neighbor algorithm, and then the UAV equipped
with a visible light camera flies low to capture HSR images of abnormal areas along the
planned path.
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Figure 1. Automatic field inspection system.

2. Materials and Methods

The natural rice field environment is very complex, and it is necessary to reduce back-
ground disturbances such as soil. In addition, the jointing booting stage and heading and
flowering stage are the main control periods for rice diseases and pests [27], and VIs during
this period are also relatively stable [28]. Therefore, the method in this paper is mainly
applied to the jointing booting stage and heading and flowering stage of rice. According to
previous research results, the NDVI has a strong linear or exponential relationship with
the leaf area index (LAI), biomass, leaf chlorophyll content, etc. [25,29], which means the
NDVI can be used to judge the growth status of crops. The main processing flow of the
method in this paper is shown in Figure 2: far view with multispectral UAV; identification
of abnormal areas; positioning of the center point of the abnormal area; path planning; and
close look with visible light UAV.

2.1. Far View with Multispectral UAV

A UAV equipped with a multispectral camera, GNSS, IMU, and gimbal is used to
perform an aerial orthophoto scanning at a high altitude on the target field, as shown in
Figure 3, and the position and orientation information obtained from GNSS and IMU is
recorded in the multispectral images for positioning. A multispectral image taken by DJI
Phantom 4 Multispectral (P4M) is shown in Figure 4, including visible light (RGB), blue (B),
green (G), red (R), red edge (RE), and NIR.

2.2. Identification of Abnormal Areas

Abnormal conditions such as diseases and pests, lack of fertilizer, lodging, etc., usually
lead to poor crop growth [30], and the main purpose of field inspection is to find abnormal-
ities. Therefore, the idea of this paper is to regard the area with poor growth as a suspicious
abnormal area and then accurately identify the area at a low altitude to achieve both ef-
ficiency and precision. As one of the most widely used VIs currently, the NDVI is used
to judge the growth status of rice in this paper [31,32]. In actual production, due to noise
interference from soil, leaf variations, shadows, etc., in the natural rice field environment,
the abnormality of the rice canopy, especially the early symptoms of diseases and pests,
usually appears as scattered points rather than blocks in the low-spatial-resolution NDVI
obtained at a high altitude, which makes it difficult to extract effective regional features
from the NDVI [26]. To address this problem, from the perspective of probability and
statistics, this paper first identifies the abnormal points from the NDVI and then counts the
dense areas of abnormal points to identify the abnormal areas. As such, the identification
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of abnormal areas is transformed into the detection of abnormal point-dense areas in the
NDVI. Based on the above idea, this paper proposes a method for identifying abnormal
areas based on the NDVI. The detailed process is shown in Figure 5:

Jointing booting stage and 
heading and flowering stage

 Scanning the whole field 
efficiently using the UAV with 

a multispectral camera

Identifying abnormal areas 
with poor growth based on 

NDVI

Planning optimal path with 
nearest neighbor algorithm

Capturing the image at close 
range using the UAV with a 

visible light camera

HSR image

Positioning the center point 
based on the collinearity 

equation

Image …

…

… …

Rice field

Rice field

Start / End

Sacrificing 
part of 

positioning 
accuracy for 
efficiency

Latitude and 
longitude of the 

center point 

Abnormal area

 

Figure 2. The main processing flow of the proposed method.
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Figure 3. Orthophoto scanning.
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Figure 4. Multispectral image (GSD: 1.59 cm/pixel, resolution: 1600 × 1300, and size: 25 m × 20 m).
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Figure 5. Flow chart of the method for identifying abnormal areas.
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1. The multispectral images obtained are traversed to calculate NDVIs with Equation (1) [32].
One of the results is shown in Figure 6b.

NDVI =
NIR − R

NIR + R
(1)

2. In actual production, due to many factors such as different varieties, different growth
periods, different management, and different row spacing and plant spacing, it is
impossible to obtain a fixed segmentation threshold T, used to judge an NDVI lower
than T as poor growth. Through the statistical analysis of the NDVI, it is found that
the histogram of the rice canopy NDVI basically conforms to the bell curve shown
in Figure 7, which reminds us of the normal distribution. As a strict mathematical
distribution is not required in the engineering application of this paper, it can be
assumed that the rice canopy NDVI is approximately normally distributed.

(a) RGB (b) NDVI (c) Binary (d) Filtered
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Figure 6. Example of image processing (GSD: 1.59 cm/pixel, resolution: 1600 × 1300, and size: 25 m

× 20 m).
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Figure 7. Histogram of rice canopy NDVI (natural field, variety: Xiangya Xiangzhan, growth stage:

jointing booting stage).

Normal distribution, also known as Gaussian distribution, is a natural phenomenon,
and many events are normally distributed, which is why it is very important in the fields
of mathematics, physics, engineering, etc. If the random variable X follows a normal
distribution, it can generally be recorded as follows:

X ∼ N(µ, σ2) (2)

Its probability density function is as follows:

ƒ(x) =
1

σ
√

2π
e
−

(x−µ)2

2σ2 (3)

where µ is the mathematical expectation value (namely mean value), which determines the
location of the distribution; σ is the standard deviation, which determines the magnitude
of the distribution.
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Assuming that there are n points (x1, x2, · · · , xn) subject to a normal distribution,
the mean value µ and standard deviation σ are, respectively:

µ = ∑
n

i=1
xi/n (4)

σ =
√

∑
n

i=1
(xi − µ)2/n (5)

In outlier detection based on normal distribution, points outside the value region
µ ± 3σ can be marked as outliers [33].

As the above normal distribution theory, µ − 3σ can be adaptively used as the segmen-
tation threshold T for abnormal point detection. In other words, points (namely pixels) with
an NDVI less than T are judged as abnormal points with poor growth, thereby obtaining a
binary image. One of the binary images is shown in Figure 6c.

3. Based on the characteristics of random noise, the median filter is used to filter the
above binary images to reduce the noise interference caused by soil, shadows, etc. [34].
One of the results is shown in Figure 6d.

4. Each filtered binary image is traversed with a sliding square window of 1 m2 and
50% overlap, while the proportion n of abnormal points in the window is counted.
The 1 m2 square window can be calculated with the GSD (namely, the actual physical
distance each pixel represents).

5. A preset discrimination threshold, N, is used to discriminate between normal and
abnormal windows. If n > N, the window is judged as abnormal, while the corre-
sponding area is recorded as an abnormal area with poor growth. Since adjacent
abnormal areas are usually caused by the same reason, the neighborhood method is
used for deduplication, as shown in Figure 5, to reduce the same adjacent abnormal
areas and improve the system efficiency. As a result, only one abnormal area with the
largest proportion, n, is retained in the same neighborhood.

2.3. Positioning of the Center Point of the Abnormal Area

In agricultural remote sensing, the current most used positioning method is using
photogrammetry technology to reconstruct a two-dimensional (2D) map and then perform
positioning (such as DJI Terra) [35]. However, this method requires high along-track and
cross-track overlap in the orthophoto scanning mentioned in Section 2.1. The generated
large volume of data and the intensive computational requirements for reconstruction
require high-performance computers or even computer clusters for processing, which is
not only time-consuming but also currently requires human involvement. In addition,
the efficiency of data acquisition and map reconstruction in the reconstruction method is
insufficient to support high-frequency field inspections of large farms.

In aerial photogrammetry, the collinearity equation is one of the fundamental formulas
that describes the mathematical relationship between the object point, image point, and
projection center (typically the lens center), stating that they lie on the same line [36]:

x − xo = − f
a1(XA − Xs) + b1(YA − Ys) + c1(ZA − Zs)

a3(XA − Xs) + b3(YA − Ys) + c3(ZA − Zs)
(6)

y − yo = − f
a2(XA − Xs) + b2(YA − Ys) + c2(ZA − Zs)

a3(XA − Xs) + b3(YA − Ys) + c3(ZA − Zs)
(7)

where (x, y) are the image point coordinates in the image plane; xo, yo, and f are the internal
orientation parameters of the camera; (Xs, Ys, Zs) are the object space coordinates of the
camera position; (XA, YA, ZA) are the object space coordinates of the object point; ai, bi, and
ci (i = 1, 2, 3) are the nine direction cosines, composed of the three exterior orientation angle
parameters ψ, ω, and κ of the image, as shown in Equation (8).
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R =

cos ψ 0 − sinψ

0 1 0
sin ψ 0 cos ψ

1 0 0
0 cos ω − sinω

0 sin ω cos ω

cos κ − sinκ 0
sin κ cos κ 0

0 0 1

 =

a1 a2 a3

b1 b2 b3

c1 c2 c3

 (8)

Among these parameters, xo, yo, and f are fixed camera parameters; Xs, Ys, and Zs can be
measured by GNSS; and ψ, ω, and κ can be measured by IMU. If ZA (namely, the elevation)
is known, the object point (XA, YA) corresponding to the image point (x, y) can be obtained
by the collinearity Equations (6) and (7). In other words, single-image positioning can be
achieved by combining the digital elevation model (DEM) and the collinearity equation.

In order to reduce data volume and computational requirements and improve the
overall efficiency and automation performance of the system, the positioning approach
in this paper is to sacrifice part of positioning accuracy for system efficiency. First, the
orthophoto scanning mentioned in Section 2.1 is performed with low overlap; secondly,
taking advantage of prior knowledge that the rice canopy is approximately flat [37], the
position and orientation information recorded in the orthophoto is used to achieve single-
image positioning based on the above theory. In this paper, the center point p of the
abnormal area is chosen as the positioning point. The reducing overlap schematic diagram
and the single-image positioning schematic diagram are shown in Figure 8a,b, respectively.
The detailed process of single-image positioning is shown in Figure 9:
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Figure 8. Reducing overlap and single-image positioning.

1. As shown in Figure 10, the GSD is calculated as follows using the flight height h and
camera parameters:

GSD =
flight height h × sensor size

focal length × image size
(9)

2. Based on the GSD, the coordinates (x, y) of the center point p in the Cartesian co-
ordinate system XOY with the image center point O as the origin are calculated:

x = image plane coordinate in x direction × GSD (10)

y = image plane coordinate in y direction × GSD (11)
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3. The coordinates (x′, y′) of the center point p in the northeast Cartesian coordinate
system X′OY′ with the image center point O as the origin are calculated with the yaw
angle θ from the orientation information recorded in the image:

x′ = x cos θ + y sin θ (12)

y′ = y cos θ − x sin θ (13)

where Y’(N) and X’(E) in Figure 8b point to the true north (N) and true east (E)
directions, respectively. In general, the coordinates in the non-northeast coordinate
system are mapped to the northeast coordinate system using only the yaw angle θ.

4. From the recorded position information in the image, the latitude and longitude of
the image center point O are obtained, and the corresponding projected coordinates
(xo, yo) can be obtained by applying the Gauss–Krüger projection [38]. Therefore, the
projected coordinates of the center point p can be calculated as (xo + x′, yo + y′). Finally,
the latitude and longitude of point p can be obtained by performing the inverse
Gauss–Krüger projection.
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Figure 9. Flow chart of single-image positioning.
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Figure 10. GSD schematic diagram.

2.4. Path Planning

Since there are usually multiple identified and positioned abnormal areas in natural
fields, it is necessary to plan a path to efficiently traverse these areas. This is a typical
traveling salesman problem (TSP), which belongs to the class of NP-complete problems [39].
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There is no perfect algorithm that can solve the optimal path in polynomial time. The
mathematical description of TSP is as follows:

G(V, E) (14)

V = {1, 2, · · · , n} (15)

E = {(i, j)|i, j ∈ V} (16)

where G is a complete undirected graph composed of n vertices; V is the set of vertices;
and E is the set of edges. The objective is to find an optimal vertex arrangement l =
(v1, v2, · · · , vn, v1) that minimizes the following:

ƒ(l) = ∑
n

k=1
dvkvk+1

(17)

where dvkvk+1
is the edge weight from vertex vk to vertex vk+1.

In order to reduce computational complexity, this paper adopts a simple nearest-
neighbor algorithm to solve the approximate optimal path [40]. Although the nearest-
neighbor algorithm is straightforward, it does not guarantee finding the optimal path. The
algorithm flow is illustrated in Figure 11. Starting from the initial vertex v1, at each step,
the nearest unvisited vertex is selected as the next destination vertex vk+1, until all vertices
have been visited once before finally returning to the initial vertex v1. Here, the distance
(namely the edge weight dvkvk+1

) is defined as the Euclidean distance of the Gauss–Krüger
projected coordinates, which is calculated as Equation (18).

dvkvk+1
=

√
(xk+1 − xk)

2 + (yk+1 − yk)
2 (18)

ƒ(𝑙) = ∑ 𝑑௩ೖ௩ೖశభ௡௞ୀଵ𝑑௩ೖ௩ೖశభ 𝑣௞ 𝑣௞ାଵ
𝑣ଵ𝑣௞ାଵ𝑣ଵ𝑑௩ೖ௩ೖశభ

𝑑௩ೖ௩ೖశభ = ඥ(𝑥௞ାଵ − 𝑥௞)ଶ + (𝑦௞ାଵ − 𝑦௞)ଶ
Start

Departing from starting point

Returning to starting point

End

No

Traversing all points?

Selecting the nearest 
unvisited point as the next 

arrival point
Yes

Figure 11. Nearest-neighbor algorithm.
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2.5. Close Look with Visible Light UAV

Finally, a UAV equipped with a visible light camera, GNSS, IMU, and gimbal is used
to autonomously fly along the planned path and capture HSR images of the abnormal areas
at close range, as shown in Figure 12. GNSS is used for navigation and positioning to the
center of the abnormal area, while IMU and gimbal control the shooting angle. In order to
obtain rich visual features, it is preferable to use a high-definition telephoto camera.

Rice field

…

Visible Light Camera, 
Gimbal, GNSS, IMU

 

ff

China Guangzhou

Guangdong

(a) P4M and multispectral camera

(b) M3T and visible light camera

Figure 12. Low-flying waypoint shooting.

3. Results

3.1. Experiments

To verify the feasibility and effectiveness of the proposed method, the entire process
was implemented using the Python programming language. Experiments were conducted
in the Simiao Rice Modern Agricultural Industrial Park (as shown in Figure 13), Zhucun
Street, Zengcheng District, Guangzhou City, Guangdong Province, China, using DJI UAVs
P4M and Mavic 3 Thermal (M3T) (as shown in Figure 14 and introduced in Table 2). The
rice varieties included 19 Xiang and Xiangya Xiangzhan. In addition, the experiments took
place from 1 May to 30 June 2023, between 10:00 a.m. and 04:00 p.m., under clear weather
conditions with no wind or a light breeze.

Table 2. Function introduction of P4M and M3T.

UAV

Camera

Gimbal
(Ctrl Pitch)

GNSS (RTK)
Psn Accuracy

IMU
Bias

Type
FOV
(◦)

Focal Len
(mm)

Image
Resolution

Sensor
Size

(mm)
Planar Elevation ACCL Gyro

P4M MS 62.7 5.74 1600 × 1300 4.96 × 3.72 [−90◦, +30◦]
1.0 cm

+1 ppm
1.5 cm

+1 ppm
0.002 0.001

M3T VL 15 30 4000 × 3000 6.4 × 4.8 [−90◦, +35◦]
1.0 cm

+1 ppm
1.5 cm

+1 ppm
0.002 0.001

M3T is equipped with 3 cameras (wide-angle camera, telephoto camera, and thermal imaging camera), and
the M3T camera introduced in Table 2 refers to the telephoto camera. MS—multispectral; VL—visible light;
FOV—field of view; len—length; ctrl—controllable; psn—positioning; and ACCL—accelerometer.

Experimental procedures and parameter settings were as follows:

1. Utilizing the mapping aerial photography function of P4M, the experimental fields
were orthographically scanned (camera parameters are introduced in Table 2) at a
flight height of 30 m with 10% overlap of both along track and cross track. The gimbal
pitch angle was set to −90◦, capturing multispectral images at equidistant intervals
with a time interval of 2 s.
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2. Following the steps outlined in the P4 Multispectral Image Processing Guide (https://dl.
djicdn.com/downloads/p4-multispectral/20200717/P4_Multispectral_Image_Processing_
Guide_EN.pdf, accessed on 1 April 2023), the NDVI was calculated to identify ab-
normal areas using the proposed method. The size of the median filter was set to
5 × 5, the discrimination threshold N was set to 2%, and the size of the deduplication
neighborhood was set to 9 × 9 (i.e., only one abnormal area was retained within a
range of 2 m).

3. The geographical location of the center point of the identified abnormal area was de-
termined using the single-image positioning method proposed in this paper, followed
by path planning using the nearest-neighbor algorithm.

4. Finally, the planned path and photography actions were executed using the waypoint
flight function of M3T, with a flight height of 5 m, flight speed of 5 m/s, and a
telephoto camera selected (camera parameters are introduced in Table 2).

Rice field

…

Visible Light Camera, 
Gimbal, GNSS, IMU

ff

China Guangzhou

Guangdong

 

(a) P4M and multispectral camera

(b) M3T and visible light camera

Figure 13. Geographical location of the experimental area.

Rice field

…

Visible Light Camera, 
Gimbal, GNSS, IMU

ff

China Guangzhou

Guangdong

(a) P4M and multispectral camera

(b) M3T and visible light camera
 

Figure 14. P4M and M3T.

In addition, to verify the accuracy of single-image positioning, an experiment was
conducted at the Huashan District Football Field of South China Agricultural University,
Tianhe District, Guangzhou City, Guangdong Province, China, as shown in Figure 15.
A self-made 1 m × 1 m black-and-white positioning board was used as a marker. The
latitude and longitude of the center point of the positioning board were measured as the
true coordinates using the Huace Zhonghui i70 intelligent RTK receiver (planar accuracy:
±(2.5 + 0.5 × 10−6

× D) mm and elevation accuracy: ±(5 + 0.5 × 10−6
× D) mm). At

a flight height of 30 m, the P4M UAV was moved to position the positioning board in
different locations within the images (center, sides, corners, etc.). A total of 30 images
were captured, and the proposed single-image positioning method was used to calculate
the latitude and longitude of the center point of the positioning board. The results were
compared with the true coordinates to calculate the AAE. Furthermore, 10 positioning
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boards were placed on the football field, and the center point coordinates were measured as
the true coordinates, also using the Huace Zhonghui i70 intelligent RTK receiver. The P4M
UAV performed mapping aerial photography three times at a flight height of 30 m (80%
along-track overlap, 70% cross-track overlap, and −90◦ of gimbal pitch angle, capturing
images at equidistant intervals with a time interval of 2 s). The DJI Terra software (Version
3.6.0) was used to reconstruct three 2D maps, then 30 center point coordinates of the black-
and-white positioning boards were determined on the 2D maps and compared with the
true coordinates to calculate the AAE.

Visible Light Camera, 
Gimbal, GNSS, IMU

(a) Single-image positioning (b) RTK positioning  

(a) Bacterial blight

(b) Lack of seedlings

(c) Lodging 

ff

Figure 15. Single-image positioning and RTK positioning.

3.2. Experimental Results

Some identification results of abnormal areas are shown in Figure 16.

Visible Light Camera, 
Gimbal, GNSS, IMU

(a) Single-image positioning (b) RTK positioning

(a) Bacterial blight

(b) Lack of seedlings

(c) Lodging  

ff

Figure 16. Identification results of abnormal areas (marked by red box).

The planned path obtained during the experiment conducted in the field shown in
Figure 17 is depicted by the red dashed line in the figure. In addition, the blue dots represent
the center points of the identified abnormal areas, “Start & End” indicates the takeoff and
landing points of the UAV, and the arrows indicate the direction of the path.
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(a) Lack of seedlings (b) Lodging (c) Disease

ff

ffi

ffi

ffi

ff

Figure 17. Example of path planning.

Some HSR images of abnormal areas captured by M3T are shown in Figure 18.

(a) Lack of seedlings (b) Lodging (c) Disease
 

ff

ffi

ffi

ffi

ff

Figure 18. HSR images of abnormal areas.

4. Discussion

The experimental results indicate that the proposed method successfully identifies
abnormal areas, including symptomatic diseases and pests, lack of seedlings, lodging,
etc. As shown in Figure 16, bacterial blight, lack of seedlings, and lodging are depicted,
and only one abnormal area with the largest proportion n is retained within a 2 m range,
demonstrating the feasibility and effectiveness of the method. Additionally, by adjusting
the discrimination threshold N, the sensitivity of abnormal detection can be controlled. A
smaller N value increases sensitivity but may result in misidentification of non-abnormal
areas, reducing system efficiency. Conversely, a larger N value decreases sensitivity and may
lead to missed detection of early abnormalities. The size of the deduplication neighborhood
can be adjusted to retain only one abnormal area with the largest proportion n within a
certain range, thereby controlling the number and density of abnormal areas that require
low-altitude traversal.

In the approximately flat football field, the AAE of the single-image positioning
method proposed in this paper is 13.2 cm, while the AAE of the reconstruction positioning
is 4.3 cm. In the application of this paper, the real size of abnormal areas is usually much
larger than 13.2 cm, indicating that the positioning accuracy meets the requirements of
the application. Generally, the efficiency and accuracy comparison between single-image
positioning and reconstruction positioning are shown in Table 3. Although there is a slight
loss in positioning accuracy within an acceptable range, the flight efficiency is greatly
improved, the number of images is significantly reduced, and the time-consuming process
of reconstruction is eliminated, which proves the feasibility and effectiveness of single-
image positioning.
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Table 3. Efficiency and accuracy comparison between single-image positioning and reconstruction

positioning.

UAV
FH
and

GSD

Captured
Area

(mu/img)
Method

Overlap
Flight Eff

(s/mu)

No. of
Imgs

(imgs/mu)

Recon
Time
(s/mu)

AAE of
Psn
(cm)

Along
Track (%)

Cross
Track (%)

P4M
30 m

1.59 cm/pixel 0.80
Recon 80 70 53.88 20.41 53.84 4.3

Sgl-img 10 10 4.00 1.44 \ 13.2

The reconstruction time is measured in HP ZBook 15 G6 (64.0 GB RAM, Intel(R) Core(TM) i7-9750H CPU @
2.60 GHz); 1 mu ≈ 666.67 m2. FH—flight height; Sgl-img—single-image; Recon—reconstruction; eff—efficiency;
No.—number; and psn—positioning.

According to Equation (9) and Table 2, GSDs of the Figures 16 and 18 are 1.59 cm/pixel
and 0.027 cm/pixel, respectively, which indicates that the spatial resolution is greatly
improved when flying at a lower altitude compared to a higher altitude. At the leaf and
canopy scale, many studies have shown that it is possible to accurately capture diseases
and pests damage characteristics on rice leaves by acquiring HSR images [26]. In addition,
the input image size for most used deep-learning classification models is 224 pixels ×

224 pixels [15–22], and the width of mature rice leaves typically ranges from 2 cm to
3 cm [41]. If extracting an image patch of 224 pixels × 224 pixels from the HSR images
obtained by the proposed method, the rice leaf will occupy approximately 74 to 111 pixels,
accounting for about 1/3 to 1/2 of the image patch. Therefore, we can extract image patches
from the HSR images without downsampling to perform even leaf-scale deep-learning
classification and identify specific types of diseases and pests.

5. Conclusions

In summary, the proposed method in this paper enables autonomous field inspection
by UAVs to acquire HSR images of abnormal areas in the rice canopy. The HSR images can
provide high-quality data for subsequent automatic identification of field abnormalities
such as diseases and pests, thereby offering technical support for the realization of the
UAV-based automatic rice field inspection system. The experimental results demonstrate
that the proposed method can identify abnormal areas, including diseases and pests, lack
of seedlings, lodging, etc. The AAE of single-image positioning is 13.2 cm, which meets
the accuracy requirements of the application in this paper. Additionally, the efficiency is
greatly improved compared to reconstruction positioning. The GSD of the acquired HSR
image can reach 0.027 cm/pixel, or even smaller, which meets the resolution requirements
of even leaf-scale deep-learning classification.

The proposed method in this paper can also provide references for the automatic
field management of other crops, such as wheat. Additionally, the method for identifying
and positioning abnormal areas in this paper can provide targeted objectives for other
field operations, such as ground-based crop phenotyping, thereby reducing workload and
labor intensity.

In future research work, we will study the automatic identification of diseases and
pests based on HSR images captured by UAVs, which will provide further technical support
for the realization of the UAV-based automatic rice field inspection system. Additionally,
we will explore the feasibility and effectiveness of applying the proposed method to other
crops, such as wheat and peanuts.
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支撑式水田平地机结构设计与试验

陈高隆1 摇 胡摇 炼1,2 摇 汪摇 沛1,2 摇 赵润茂1,2 摇 冯达文1 摇 田摇 力1 摇
黄志铖1 摇 陈禹琦1 摇 王靖霆1

(1. 华南农业大学工程学院, 广州 510642; 2. 农业装备技术全国重点实验室, 广州 510642)

摘要: 水田平整是水稻生产不可或缺的环节。 为了改善水田平地机对坑洼硬底层的适应性,进一步提高作业性能,
设计了支撑式水田平地机。 根据平地铲工作原理,对平地铲高度调节机构进行运动学分析;在此基础上,设计了平

地铲及其高度调节机构。 设计了支撑杆结构,研究了支撑杆对平地铲运动特性的影响。 开展了有 /无支撑杆对比

试验和水田平整试验。 对比试验结果表明,有支撑杆的平地铲在试验全程高度变化幅度减少 15% 以上,在田面凸

起位置高度变化幅度减少 30%以上,同时,平地铲高度变化次数减少。 表明有支撑杆平地铲更有利于平地铲高度

控制,更适用于坑洼硬底层作业。 0郾 21 hm2的水田平整试验结果表明,平整后田面高度标准差 Sd 为 21郾 66 mm,田
面高度相对平整基准高度绝对偏差不大于 30 mm 的测量点占比 籽 为 86郾 54% ;总面积为 1郾 89 hm2的 2 块水田平整

试验结果表明,平整后 Sd 分别为 26郾 02 mm 和 27郾 43 mm,籽 分别为 80郾 53%和 81郾 03% 。 全部试验田块经平整后的

Sd 均小于 30 mm,且 籽 均高于 80% ,达到了水田平整要求,验证了支撑式水田平地机结构设计有效性,可为坑洼硬

底层水田机械化平整提供装备支撑。
关键词: 水田平整; 平地机; 支撑杆; 农田地形
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Structural Design and Test of Supported Paddy鄄field Leveling Machine

CHEN Gaolong1 摇 HU Lian1,2 摇 WANG Pei1,2 摇 ZHAO Runmao1,2 摇 FENG Dawen1 摇
TIAN Li1 摇 HUANG Zhicheng1 摇 CHEN Yuqi1 摇 WANG Jingting1

(1. College of Engineering, South China Agricultural University, Guangzhou 510642, China
2. State Key Laboratory of Agricultural Equipment Technology, Guangzhou 510642, China)

Abstract: The leveling of paddy fields is an indispensable part of rice production. Aiming to improve the
adaptability of existing leveling machines to the bumpy hard bottom layer of paddy fields and further
enhance the operational performance, the supported paddy鄄field leveling implement was developed.
Firstly, according to the working principle of the leveling shovel, the height adjustment mechanism of the
leveling shovel was kinematically analyzed. On this basis, the leveling shovel and its height adjustment
mechanism were designed. Secondly, the supported rod structure was designed, and the influence of the
supported rods on the motion characteristics of the leveling shovel was studied. Finally, a comparison test
with / without supported rods and a paddy鄄field leveling test were carried out. The results of the
comparison test showed that the amplitude of height change of the leveling shovel with the supported rods
was reduced by more than 15% throughout the test, and reduced by more than 30% in the convex
position of the field surface. Meanwhile, the number of height changes of the leveling shovel was
reduced. It showed that the leveling shovel with supported rods was more conducive to the height control
of leveling shovels and was more suitable for the operation of bumpy hard bottom layer of paddy fields.
The leveling test results for 0郾 21 hm2 of paddy field showed that the standard deviation ( Sd ) of the
topography height was 21郾 66 mm, and the proportion ( 籽) of points ( | hi - h | 臆30 mm, where hi

indicated the height of each measuring point, and h indicated the average height of all measuring points. )
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was 86郾 54% . The test results for two paddy fields with a total area of 1郾 89 hm2 showed that the standard
deviations Sd for the two fields were 26郾 02 mm and 27郾 43 mm, and the proportions 籽 were 80郾 53% and
81郾 03% , respectively. After leveling, the standard deviation Sd in all test fields was less than 30 mm,
and the proportion 籽 was higher than 80% , which met the requirements of paddy鄄field leveling, and
verified the structural advantages and design validity of the supported paddy鄄field leveling machine. This
can provide equipment support for mechanized leveling of paddy fields with bumpy hard bottom layer.
Key words: paddy鄄field leveling; leveling machine; supported rods; field topography

0摇 引言

在全球范围内,水田占耕地总面积的 9% [1],在
粮食生产方面发挥着至关重要作用[2],特别是在东

亚、东南亚和南亚以及非洲部分地区[3]。 水稻是三

大粮食作物之一,全球大部分水稻(75% )在水田环

境下种植[4]。 水稻生产灌溉方式以漫灌和淹灌为

主,不平整农田会导致水资源利用率低[5]。 通过改

善农田平整度不仅可以节约水稻生产用水,提高灌

溉效率与灌水均匀度[6 - 9],还可以提高土地利用率、
稻种发芽率、杂草防治效率、作物成熟均匀度和作物

产量,以及减少肥药施用量[10 - 15]。 综上所述,水田

平整是水稻生产必不可少的环节。 由于水田旱平机

械受土质、土壤含水率与降雨季节应用限制,因此,
水田平整机械更有利于在多季稻地区争抢农时。

目前,诸多研究者研制了水田平整机械。 LUO
等[16]研制了以乘坐式水稻插秧机为配套动力的水

田激光平地机,但其更适用于小面积农田,如华南地

区。 碎片化和不平整农田会阻碍机械化生产与降低

农业生产效率[17]。 诸多国家已开展农田改造措施,
如“小农大田冶和“高标准农田建设冶 [18 - 22]。 单块农

田面积呈增大趋势,这促使以拖拉机为配套动力的

平整机械成为主流。 严乙桉等[23] 根据拖拉机后桥

结构,设计了挂接支座以连接平整机具与拖拉机,但
挂接支座无法兼容不同型号拖拉机。 胡炼等[24] 研

制了 1PJ 4郾 0 型水田激光平地机,提高了平整机具

与不同型号拖拉机连接的通用性,但平整机具控制

响应迟滞且调节速度低。 基于此,HU 等[25] 进一步

研制了激光控制旋刮式水田平地机,提高了平整机

具控制的动态响应性能。 上述平整机具机架与拖拉

机三点悬挂固连,形成一个刚体,机具机架自由度与

拖拉机一致,平地铲高度调节通过额外增加的独立

自由度实现。 当以拖拉机前轮为转动点,后轮行驶

至凸起地形时,平地铲高度变化幅度大于凸起地形

高度。 若平地铲高度无法及时调节,会导致出现挖

坑和堆土现象。 拖拉机与平地铲之间距离越大,这
种现象更为明显。

现有水田平整机具与拖拉机三点悬挂装置固

接。 当拖拉机行驶于坑洼硬底层下,平地铲高度变

化幅度增大,这增加了平整控制系统作业难度。 为

了解决现有水田平地机对坑洼硬底层适应性差的问

题,本文设计支撑式水田平地机关键部件结构,研究

支撑杆对平地铲高度变化的影响,并开展有 /无支撑

杆对比性能和水田平整试验,以验证平地机作业

效果。

1摇 整机结构与工作原理

1郾 1摇 整机结构

支撑式水田平地机整机结构如图 1 所示,主要

由机架、支撑杆、平地铲和高度调节机构等组成。 机

架包括前梁、后梁和后梁臂等结构。 高度调节机构

由平行连杆和液压油缸等组成,其分别与平地铲和

机架连接。 液压油缸伸缩动作可实现平地铲高度调

节。 支撑杆安装在机架前梁上,且安装间距根据配

套拖拉机后轮轮距进行调节,以保证支撑杆沿后轮

轮辙路径移动。

图 1摇 支撑式水田平地机

Fig. 1摇 Supported paddy鄄field leveling machine
摇

1郾 2摇 工作原理

如图 2a 所示,支撑式水田平整机具与拖拉机三

点悬挂转动连接。 机具机架高度不受拖拉机高度变

化影响。 为实现平地铲高度自动控制,根据旱田平

整机械地轮的支撑仿形原理[26],提出了支撑式水田

平地机设计方案。 如图 2 所示,机具因自重下降使

支撑杆支撑于水田硬底层。 平整作业前,根据水田

地形高度信息计算平整基准高度。 平整作业中,支
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撑杆在坑洼不平的硬底层移动,使平地铲高度在作

业中偏离平整基准高度[27]。 当农田田面和平整基

准高度一致时(图 2a),平地铲不挖泥且不卸泥;当
农田田面高于平整基准高度时(图 2c),平地铲铲运

高于平整基准高度的泥浆;当农田田面低于基准高

度时(图 2b),平地铲卸泥填坑。 支撑式水田平地机

对农田田面进行“挖高填低冶作业,以提高水田田面

平整度。

图 2摇 水田平地机工作原理

Fig. 2摇 Working principle of paddy鄄field leveling machine
摇

2摇 关键部件设计与运动学建模

图 3摇 平地铲及其高度调节机构

Fig. 3摇 Leveling shovel and its height adjustment mechanism

2郾 1摇 平地铲

根据平地铲结构和作业参数,设计平行连杆尺

寸和安装位置。 通过建立平地铲运动学模型,对液

压油缸选型并设计其安装位置。 如图 3 所示,平地

铲结构参数包括高度(hS)与宽度( bS),设定 hS 为

0郾 3 m 与 bS 为 5 m。 如图 4 所示,平地铲工作参数包

括调节行程(hA)和极限位置(最高位 ABC忆D忆和最

低位 ABC义D义)。 由于支撑杆在硬底层上移动,调节

行程主要由硬底层地形高度决定。 参照文献[28]
获取华南农业大学教学科研基地水田(3郾 33 hm2)硬

图 4摇 平地铲高度调节原理

Fig. 4摇 Adjustment principle of leveling shovel height
摇

底层地形高度数据。 结果表明水田硬底层地形高度

变化幅值约为 0郾 3 m,则设定该值为平地铲调节行

程。 平地铲极限位置主要由干涉情况和水田耕作层

深度共同决定。 平地铲最高位设置需确保平地铲不

与机架干涉,设定平地铲处于最高位时与机架底部

保留一定距离(hUI),设定 hUI为 0郾 02 m。 平地铲最

低位设置需确保平地铲不与支撑杆干涉,且满足水

田浅耕作层区域的作业需求。 当平地铲处于最低位

时,设定平地铲与支撑杆保留一定距离(hBI)。 由于

单次旋耕作业深度为 0郾 15 ~ 0郾 18 m [29],设定 hBI为

0郾 1 m。
平地铲结构和工作参数决定平行连杆尺寸和安

装位置。 图 3b 和图 4 为高度调节机构示意图和平

地铲调节原理图。 点 O 为机架后梁的底端点。 点

A、B、C 和点 D 为平行连杆的转动点,且点 C忆、点 C义
和点 D忆、点 D义分别为点 C 和点 D 的不同位置。 点 F
和点 E 分别为液压油缸上连接点和下连接点,且点

E忆为点 E 不同位置。
为保证机架后梁臂不破坏平整后的田面,后梁
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臂长度 lOR需满足

lOR臆hS + hUI

lOR逸l{
OB

(1)

式中摇 lOB———后梁底端与连接点 B 的距离,m
为保证高度调节机构满足作业需求,设定平地

铲处于最高位时 AD忆垂直于 OB,则平行连杆需满足

lAD臆lF
hA = lADsin琢
lW > lABcos

ì

î

í

ïï

ïï 琢
(2)

式中摇 lAD———点 A 和点 D 间距离,m
lF———机架前梁和后梁距离,m
琢———平地铲从最高位运动至最低位时连杆

AD 转角,(毅)
lW———连杆 AD 宽度,m
lAB———点 A 和点 B 距离,m

通过建立平地铲运动学模型,对液压油缸选型

并设计其安装位置。 如图 5 所示,以机架后梁底端

点 O 为原点建立平面坐标系。

图 5摇 平面坐标系

Fig. 5摇 Plane coordinate system
摇

图 7摇 水田平地机

Fig. 7摇 Paddy鄄field leveling machines

以点 F 为圆心与油缸长度为半径,建立油缸下

连接点 E(x1,y1)运动轨迹为

(x1 + lOG) 2 + (y1 - lGF) 2 = ( lC + 驻l) 2 (3)
式中摇 lOG———油缸上连接点 F 距离机架后梁底端

点 O 横向距离,m
lGF———油缸上连接点 F 距离机架后梁底端

点 O 纵向距离,m
lC———油缸初始长度,m

驻l———油缸伸长量,m
以点 A 为圆心与 lAD为半径,建立点 D( x2,y2)

运动轨迹为
x2
2 + (y2 + lOA) 2 = l2AD (4)

式中摇 lOA———原点 O 与点 A 间距离,m
点 E 与点 D 相对位置关系为

x1 = x2

y1 - y2 = l{
DE

(5)

式中摇 lDE———连接点 E 与点 D 的距离,m
连接点 D(x2,y2)和平地铲调节高度 驻h 的关系

为
- y2 = lOA + 驻h (6)

结合式(3) ~ (6)得到平地铲运动学模型,即油

缸伸缩量 驻l 与平地铲调节高度 驻h 的关系为

l2AD - 驻h2 - 2lOG l2AD - 驻h2 + l2OG +
( lDE - lOA - lGF - 驻h) 2 = ( lC + 驻l) 2 (7)

根据式(7)可对液压油缸选型并设计其安装

位置。
2郾 2摇 支撑杆仿形性能分析

如图 6 所示,水田平整机具以拖拉机前轮为转

动点,后轮行驶至凸起地形时,平地铲高度变化幅度

hC 大于凸起地形高度 hT。 若平地铲高度无法及时

调节,会导致出现挖坑和堆土现象。 拖拉机与平地

铲之间距离越大,这种现象更为明显,如图 7 中,
l2 > l3 > l1。

图 6摇 平地铲高度变化幅度

Fig. 6摇 Amplitude of height change of leveling shovel
摇

如图 8 所示,本文设计的支撑杆支撑平整机具

沿着硬底层地形运动。 平地铲高度变化幅度主要受

硬底层地形影响。 因此,当支撑杆和平地铲的相对

高度保持不变时,平地铲高度轨迹(hP)与硬底层地

形高度具有一致性。
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以机架底端为起算点,支撑杆长度 hR 需满足

hR = hUI + hS + hA + hBI (8)

图 8摇 支撑杆仿形性能

Fig. 8摇 Profiling performance of supported rods
摇

3摇 有 /无支撑杆对比试验

3郾 1摇 材料与方法

如图 9 所示,于 2022 年 10 月在华南农业大学

教学科研基地开展试验。 为验证支撑杆具有减少平

地铲高度变化幅度与次数的优势,设计了有支撑杆

和无支撑杆对比试验。 为保证有 /无支撑杆对比试

验行驶路径一致,选取局部存在凸起地形的旱田,先
开展有支撑杆试验使支撑杆在旱田中生成移动轨

摇 摇

迹,再沿此轨迹开展无支撑杆试验。 在试验中,平地

铲姿态仅受农田地形起伏影响,且不与田面接触,保
证平地铲不搬运土方且不消除支撑杆移动轨迹。 水

田硬底层是由于长期水分管理、耕作和土壤压实而

形成具有较大承载能力的紧实土层,其平整度差,呈
不规则坑洼状,坑洼大小不一,深浅不等。 所选旱田

经历了水稻收获作业、多次干湿循环和农机碾压后,
已发生土壤固结现象,仅表层因拖拉机胎花作用而

形成浅薄松土,以保证拖拉机多次行驶的试验地形

相同。 因此,旱田局部凸起地形与硬质特征同水田

硬底层一致,可保证试验结果有效性。 以雷沃欧豹

M804 型拖拉机为配套动力悬挂平整机具,平整机具

主要技术参数如表 1 所示。 此外,按照拖拉机后轮

轮距安装支撑杆,保证支撑杆沿着后轮轮辙移动。
全球 导 航 卫 星 系 统 ( Global navigation satellite
system,GNSS)接收器安装于平地铲上方,将显控终

端作为数据采集平台且以频率 10 Hz 采集平地铲高

度信息。 对比试验分别以速度 0郾 8、1郾 0、1郾 2 m / s 开

展。

图 9摇 有 /无支撑杆对比试验的试验地点

Fig. 9摇 Test site for comparison test with / without support rods
摇

表 1摇 平整机具主要技术参数

Tab. 1摇 Main technical parameters of leveling
implement

摇 摇 摇 参数 数值

整机尺寸(长 伊 宽 伊 高) / (mm 伊 mm 伊 mm) 5 000 伊 1 050 伊 1 300
机具质量 / kg 600
平地铲幅宽 / m 5
平地铲高度 / m 0郾 3
平地铲质量 / kg 217
土壤切削角 / ( 毅) 90
铲调节幅度 / m 0郾 3

3郾 2摇 结果与分析

由显 控 终 端 采 集 的 平 地 铲 高 度 经 Matlab
R2023a 处理结果如图 10 所示。

由图 10 可知,有支撑杆和无支撑杆平地铲高度

曲线变化趋势具有一致性,二者主要差异在于曲线

峰值(区域 A)。 无支撑杆曲线峰值明显高于有支

撑杆,这是由于拖拉机经过凸起地形使拖拉机俯仰

角变化造成的。 表 2 为两组在 3 种速度下高度

峰值。
摇 摇 由表 2 可知,有 /无支撑杆对比试验的行驶路径

一致条件下,3 种速度下曲线峰值差分别为 82郾 59、
55郾 79、47郾 59 mm。 相比于无支撑杆,有支撑杆平地

铲在 3 种速度下高度变化幅度分别减少 52郾 45% 、
37郾 45%和 31郾 98% 。

为了分析平地铲在试验全程的高度变化,进一

步对高度分布进行统计,如图 11 所示。 与有支撑杆

平地铲相比,无支撑杆高度分布中离群点明显较多。
在 3 种速度下,有支撑杆平地铲高度变化标准差

(滓) 比无支撑杆分别减少 15郾 09% 、 17郾 82% 和

31郾 75% ,表明在试验全程有支撑杆平地铲高度变化

幅度小。
除了曲线峰值,两条曲线差异还表现在曲线极

点数量(区域 B)。 放大图 10 区域 B 位置曲线,如
图 12 所示。
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图 10摇 平地铲高度变化曲线

Fig. 10摇 Leveling shovel height change curves
摇

表 2摇 3 种速度下平地铲高度变化峰值

Tab. 2摇 Peaks of leveling shovel height change at
three travelling speeds

速度 / (m·s - 1)
高度峰值 / mm

有支撑杆 无支撑杆

0郾 8 74郾 86 157郾 45
1郾 0 93郾 19 148郾 98
1郾 2 101郾 23 148郾 82

摇 摇 不考虑测量噪声情况下,无支撑杆平地铲高度

变化曲线极值点比有支撑杆多。 当有支撑杆平地铲

摇 摇

高度呈“夷冶形变化时,无支撑杆平地铲高度呈“M冶
形变化;当有支撑杆平地铲高度呈“遗冶形变化时,
无支撑杆平地铲高度呈“W冶形变化。 这是由于拖

拉机前后轮依次经过凸起或凹陷地形时,其俯仰角

出现正负值交替,导致无支撑杆平地铲高度变化曲

线呈“W冶和“M冶形波动。 此外,当“夷冶和“遗冶形峰

值和谷值越大,无支撑杆平地铲高度“W冶和“M冶曲
线的中间极值点越大。 因此,在平整作业中,有支撑

杆平地铲高度变化次数减少。

图 11摇 平地铲高度分布

Fig. 11摇 Height distribution of leveling shovels
摇

摇 摇 上述试验结果表明,在坑洼硬底层地形下,支撑

式水田平地机可减少平地铲高度变化幅度和次数。
通过减少平地铲高度变化幅度,可减少执行元件伸

缩量与伸缩至极限状态的次数。 通过减少平地铲高

度变化次数,可减少执行元件伸缩频次,降低液压系

统工作负荷,提高平地机作业性能。 因此,支撑式水

田平地机更适用于坑洼硬底层作业。 此外,通过降

低执行元件伸缩量和伸缩频次,可减少控制时间和

频次,有效提高高速精准平整作业可靠性。

4摇 水田平整试验

4郾 1摇 材料与方法

平整机具主要技术参数如表 1 所示。 如图 13
所示,农田平整控制系统主要由 GNSS 接收器和显

控终端组成。 平整作业前,通过显控终端来设定平

整基准高度。 平整作业中,GNSS 接收器检测平地

铲实时高度信息并传输至显控终端,显控终端处理

高度信息并下发控制信号至液压系统来驱动执行元
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图 12摇 区域 B 的放大视图

Fig. 12摇 Enlarged view of area B
摇

图 13摇 农田平整控制系统

Fig. 13摇 Leveling control system
摇件,保证实时调节平地铲运动至平整基准高度。

图 14摇 水田平整试验的试验地点与过程

Fig. 14摇 Test site and process of paddy field leveling test

如图 14 所示,于 2023 年 3 月在华南农业大学

教学科研基地和湖南省益阳市大通湖区分别开展田

间试验。 如表 3 所示,2 次试验在农田面积、农田前

茬作物、农田准备方式和配套动力机械方面具有差

异性。 为分析支撑式水田平地机的作业效果,采用

便携 式 激 光 雷 达 ( Light detection and ranging,

LiDAR)系统(金景科技,精度:20 mm) (图 14d)来

获取农田平整前后地形点云数据。
4郾 2摇 结果与分析

将便携式 LiDAR 系统采集的原始数据,经

InertialExplorer 和 Scanlook PC 处理生成三维点云数

据,且采用 CloudCompare 对点云数据按照高度值进

行渲染,渲染结果如图 15 所示。 平整前农田田面地

形高度差在 100 mm 内,且旋耕作业产生间隔分布

的曲线凸起和凹陷地貌。 平整作业改善了农田地形

高度差异,并解决了凸起和凹陷间隔分布问题,表明

平整作业可实现“挖高填低冶效果,而图 15b 中局部

地形偏高(红色区域)的主要原因是旋耕作业后耕

作层土壤软硬不一,导致平整作业后耕作层土壤发

生不同程度的沉降。
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表 3摇 水田平整试验条件

Tab. 3摇 Test conditions of paddy field leveling test

地点
农田
序号

农田面积 /
hm2 前茬作物 农田准备 配套动力

广州 1 0郾 21 荷兰豆 旋耕
雷沃欧豹 M804

型拖拉机

湖南
1
2

0郾 90
0郾 99

油菜
小并大推土、

旋耕
东方红 LY1004

型拖拉机

图 15摇 广州 1 号田地形数据渲染结果

Fig. 15摇 Rendering results of topographic data for
field 1 in Guangzhou City

摇
摇 摇 以农田田面地形高度标准差 Sd

[32 - 33] 与农田田

面高度相对平整基准高度绝对偏差不大于 30 mm
测量点占比 籽[30, 34] 评价农田平整质量。 平整作业

后,农田田面地形高度标准差 Sd 为 21郾 66 mm,籽 为

86郾 54% ,表明支撑式水田平地机可改善田面平整情

况。 与文献[24]进行对比,文献[24]水田面积为

0郾 25 hm2,平整后 Sd 为 26郾 40 mm,且 籽 为 69郾 40% 。
在水田面积相近情况下,本研究 0郾 21 hm2水田平整

后 Sd 与 籽 指标均优于文献[24]。
湖南省益阳市大通湖区的试验田块平整前后原

始 测 量 数 据 经 InertialExplorer、 Scanlook PC 和

CloudCompare 进行依次处理,结果如图 16 所示。 平

整前农田地形沿长边方向存在严重高度差异,其中

2 号田地形高度差约 300 mm,1 号田地形高差则次

之。 平整作业减少了农田在长边方向的地形高度差

异。 田块渲染图颜色层次减少,单色覆盖率和均匀

性高表明农田平整后农田田面具有良好的平整度。
采用指标 Sd 和 籽 评价农田平整质量,统计 2 块试

验田平整质量。 湖南试验田块 1 平整后 Sd 为

26郾 02 mm,籽 为 80郾 53%;湖南试验田块 2 平整后 Sd 为

27郾 43 mm,籽 为 81郾 03% 。 由此可知,平整后 Sd 均小

于 30 mm,且 籽 均大于 80% ,达到了水田平整要求,
验证了支撑式水田平地机结构设计有效性。 与文

献[24]进行对比,本文水田面积比文献[24]大 3郾 8

图 16摇 田地形数据渲染结果

Fig. 16摇 Rendering results of topographic data
摇

摇 摇

倍情况下,Sd 与文献[24]基本一致,且 籽 均高于文

献[24]的 10%以上。

5摇 结论

(1)通过水田平整试验结果验证了支撑式水田

平地机的结构设计有效性。 由支撑式水田平地机进

行水田平整试验,0郾 21 hm2水田平整后田面高度标

准差 Sd 为 21郾 66 mm,田面高度相对平整基准高度

的绝对偏差不大于 30 mm 的测量点占比 籽 为

86郾 54% ;总面积为 1郾 89 hm2 的 2 块水田平整后 Sd

分别为 26郾 02 mm 和 27郾 43 mm,籽 分别为 80郾 53%和

81郾 03% 。 试验田块经平整后 Sd 均小于 30 mm,且 籽
均高于 80% ,达到了水田平整要求。

(2)有 /无支撑杆对比试验结果表明,支撑式水

田平地机减少了平地铲高度变化幅度和次数,可提

高平地铲高度控制精度,更适用于坑洼硬底层作业。
相比于无支撑杆,有支撑杆平地铲在试验全程高度

变化幅度减少 15%以上,在田面凸起位置高度变化

幅度减少 30%以上,且平地铲高度变化次数减少。
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郑俊杰;赵润茂;陈建能;贾江鸣;魏义坤;熊永森
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技
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认
定
名
单

附件

2024年度广东省工程技术研究中心认定名单
 序号  工程中心名称 依托单位 所在地市

1 广东省Mini LED新型显示工程技术研究中心 广州市鸿利显示电子有限公司 广州市

2 广东省新能源汽车充电设备及管理系统（万城万充）工程技术研究中心 广州万城万充新能源科技有限公司 广州市

3 广东省智慧能源技术与应用工程技术研究中心 广东电网能源投资有限公司 广州市

4 广东省综合智慧能源工程技术研究中心 广州发展集团股份有限公司 广州市

5 广东省生物质能复合应用工程技术研究中心 广州环峰能源科技股份有限公司 广州市

6 广东省光伏电站AI智慧运维工程技术研究中心 广东省电力开发有限公司 广州市

7 广东省户用储能及其控制系统工程技术研究中心 广州疆海科技有限公司 广州市

8 广东省高效燃气输配工程技术研究中心 广州东部发展燃气有限公司 广州市

9 广东省汽车座椅舒适系统线束工程技术研究中心 广州市信征汽车零件有限公司 广州市

10 广东省新能源汽车动力总成自动化成套装备工程技术研究中心 广州市创智机电设备有限公司 广州市

11 广东省汽车电器分配系统（整车线束）工程技术研究中心 广州新李汽车零部件有限公司 广州市

12 广东省智能大屏应用工程技术研究中心 广州欢网科技有限责任公司 广州市

13 广东省新一代信息技术与数字化应用（科城数科）工程技术研究中心 科学城（广州）数字科技集团有限公司 广州市

14 广东省民航数字经济工程技术研究中心 广州民航信息技术有限公司 广州市

15 广东省效果营销工程技术研究中心 省广营销集团有限公司 广州市
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 序号  工程中心名称 依托单位 所在地市

118 广东省节能建筑工程质量检测工程技术研究中心 广东惠和工程检测有限公司 广州市

119 广东省公路数智化养护工程技术研究中心 广东和立交通养护科技有限公司 广州市

120 广东省智能认知与行为决策工程技术研究中心 华南理工大学 广州市

121 广东省集成电路设计自动化工程技术研究中心 广东工业大学 广州市

122 广东省无人系统群体智能应用工程技术研究中心 中山大学 广州市

123 广东省毫米波太赫兹器件与系统工程技术研究中心 广东大湾区空天信息研究院 广州市

124 广东省人工智能赋能智慧物流工程技术研究中心 暨南大学 广州市

125 广东省新型显示工程技术研究中心 广东聚华新型显示研究院 广州市

126 广东省空天飞行器工程技术研究中心 广东空天科技研究院（南沙） 广州市

127 广东省近海基础设施韧性提升工程技术研究中心 广州航海学院 广州市

128 广东省无人化智慧农场工程技术研究中心 华南农业大学 广州市

129 广东省聚集诱导发光工程技术研究中心
广东省大湾区华南理工大学
聚集诱导发光高等研究院

广州市

130 广东省智慧设施农业工程技术研究中心 广东省农业科学院设施农业研究所 广州市

131 广东省未来植源性化妆品创制工程技术研究中心 中新国际联合研究院 广州市

132 广东省粤北地方家禽健康养殖工程技术研究中心 广东科贸职业学院 广州市

133 广东省高性能纸用功能材料工程技术研究中心 广东轻工职业技术大学 广州市
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广东省工程技术研究中心认定申请书

广东省工程技术研究中心认定申请书

中心名称： 广东省无人化智慧农场工程技术研究中心

研究开发方向： 农业技术

所属领域： 农业装备(农业机械、设备及材料等)

依托单位： 华南农业大学

联合共建单位：

通信地址： 广东省广州市天河区五山路483号

邮政编码： 510642

联 系 人： 胡炼

联系电话： 15915767370

申报日期： 2024-09-17

广  东  省  科  学  技  术  厅

2024年7月制
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广东省工程技术研究中心认定申请书

一、申报单位基本情况

依托单位 华南农业大学

法人代表 薛红卫 法人代码

主管部门

通信地址 广东省广州市天河区五山路483号

邮政编码 510642 传真

单位性质 高等院校 申报单位类型 高校/科研院所/医院

联系人 胡炼 联系电话

电子邮件 lianhu@scau.edu.cn

经济类型 高等院校

成立时间 1952-07-01

注册资本 311733.00万人民币

职工总数 3380

工程技术人员数 2360

市（区）级科研平
台建设情况

否

批准成立名称

批准成立时间

获得资助金额 （万元）

其他研发机构建设
情况：

市（区）
级科研平

台：
否

省级科研
平台：

是 成立名称：南方农业机械与装备关键技术教育部重点实验室
    成立时间：2006-05-01

国家级科
研平台：

是 成立名称：农业装备技术全国重点实验室
    成立时间：2022-11-30

其他

“专精特新”企业
建设情况：

省级专精
特新中小

企业：
否

国家级专
精特新“
小巨人”

企业：

否

是否上市公司： 否

依托单位和联合共建单位分工

序
号

单位名称 分工

1/55
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广东省工程技术研究中心认定申请书

二、依托单位上一年度经济效益与研究开发经费情况

上一年度经济效益（企业需填写）

项目 单位 数额

全年总产值 万元 0

其中：新产品产值 万元

主营业务收入额 万元 0

其中：新产品销售额 万元

高技术服务收入额 万元

全年总出口额 万美元

其中：新产品出口 万美元

研究开发经费情况

研究开发经费投入合计 万元 5227.00

研发经费占全年总销售额比重 %

经费来源

企业税前从销售额中提取 万元

政府拨款 万元 4727.00

横向合作 万元 500.00

其他 万元

研究开发经费支出合计 万元 3000.00

经费支出

基建投入 万元 0

仪器设备购置 万元 550.00

材料费 万元 900.00

测试化验加工外协费 万元 650.00

人员费 万元 100.00

知识产权费 万元 60.00

差旅费 万元 300.00

会议费 万元 40.00

其他 万元 400.00

2/55
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广东省工程技术研究中心认定申请书

三、工程中心人员情况表

工程中心研究开发人员情况

项目 人数

研究开发人员数量
70

职称：

高级职称 60

中级职称 10

初级职称 0

学历：

博士 69

硕士 1

本科 0

大专 0

其他 0

工程中心主任

序号 姓名 性别 年龄 职称 职务 学历
现从事
专业

在中心
承担的
任务

所在单
位

签名

1 罗锡文 男 教授
重点实
验室主
任

硕士研
究生

农业工
程

主持工
程中心
的建设

华南农
业大学
工程学
院

3/55244



广东省工程技术研究中心认定申请书

中心主要研究人员

序号 姓名 性别 年龄 职称 职务 学历
现从事
专业

在中心
承担的
任务

所在单
位

签名

1 胡炼 男 研究员
工程学
院副院
长

博士研
究生

农业电
气化与
自动化

中心副
主任
大田作
物无人
化智慧
农场首
席科学
家

华南农
业大学
工程学
院

2 李君 男 教授
工程学
院院长

博士研
究生

农业机
械化工

程

中心副
主任
无人化
智慧果
园首席
专家

华南农
业大学
工程学
院

3 何杰 男 副教授 无
博士研
究生

农业电
气化与
自动化

中心副
主任
智能装
备共性
技术首
席专家

华南农
业大学
工程学
院

4 肖德琴 女 教授 无
博士研
究生

农业电
气化与
自动化

智慧养
殖场首
席专家

华南农
业大学
数学与
信息学
院

5 汪沛 女 副教授 无
博士研
究生

农业电
气化与
自动化

无人农
场管控
平台

华南农
业大学
工程学
院

6 黄培奎 男
高级工
程师

无
博士研
究生

农业电
气化与
自动化

农业机
械智能
导航及
自动作
业

华南农
业大学
工程学
院

7 赵润茂 男 副教授 无
博士研
究生

农业电
气化与
自动化

农田土
壤信息
智能感
知及决
策

华南农
业大学
工程学
院

8 臧英 女 教授

重点实
验室常
务副主
任

博士研
究生

农业机
械化工

程

农情信
息感知
及精准
管控

华南农
业大学
工程学
院

9 张智刚 男 副教授 无
博士研
究生

农业电
气化与
自动化

农业机
械智能
导航及
自动作
业

华南农
业大学
工程学
院

4/55245
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