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ABSTRACT

Fully autonomous robots are still difficult to deploy in complex, unstructured, and dynamic agricultural environments, whereas conventional 
teleoperation systems suffer from insufficient environmental information and poor spatial intuitiveness. To overcome these limitations, this paper 
presents enhanced conventional teleoperation with virtual reality (ECT-VR), an immersive teleoperation system for agricultural mobile robots 
based on hybrid three- and two-dimensional (3D+2D) perception and interaction. The system employs a collaborative architecture that combines 
a preconstructed global 3D map with real-time local color-depth feedback. In the 3D subsystem, aerial images are processed using structure-from-
motion (SfM) and multi-view stereo reconstruction, together with multi-stage post-processing methods, to generate large-scale static agricultural 
maps for global environmental perception. In the 2D subsystem, an onboard color-depth camera provides real-time visual feedback, while depth 
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data are used for robot pose estimation and local dynamic information during field operations. A Unity3D-based virtual-reality interface 
synchronizes the virtual robot model with the physical robot and incorporates global positioning visualization, collision-warning visualization, and 
motion-command feedback. Field experiments conducted at four agricultural and field-relevant outdoor sites, together with a user-centered 
validation involving 20 participants, show that ECT-VR can support environmental information visualization and robot motion control in 
agricultural teleoperation. The system achieved an overall mean Likert score of 4.75/5.00 across 11 evaluation items, with an average positive-
response proportion of 95.0% for scores ≥ 4. These results suggest that ECT-VR provides user-perceived benefits in information completeness, 
interaction intuitiveness, operational support, and safety assistance for agricultural robot teleoperation.

1. Introduction

With continuous advancements in sensor systems, computational capabilities, and computer vision technologies, 
agricultural machinery is progressively evolving into a core supporting technology within modern agricultural systems [1]. 
These robotic solutions can reduce human involvement in labor-intensive tasks (e.g., plowing, seeding, and harvesting) and 
hazardous agricultural environments involving pesticide, fertilizer application, or toxic crop harvesting [2]. However, the 
agricultural domain presents unique complexities characterized by unstructured environments, challenging operational 
requirements, and the need for adaptive intelligent decision-making [3]. Current mobile robotic systems are unable to achieve 
flawless full autonomy in agricultural settings, nor can they adequately meet the diverse operational demands. Despite 
technological progress, achieving comprehensive autonomous and intelligent operations remains a long-term objective.

To address these challenges, teleoperated robotic systems, in which a human controls a robot from a distance, have emerged 
as a promising solution. Teleoperation technology leverages mechanical actuation to reduce strenuous human labor while 
protecting humans from hazardous conditions in agricultural environments. More importantly, it integrates human intelligence 
to handle various operational contingencies, thereby overcoming the limitations of full autonomy [4]. This approach provides 
a practical way to combine operational efficiency with adaptive flexibility, representing an advancement in agricultural 
automation [5].

Building upon established methodologies in teleoperation research, conventional agricultural teleoperation systems 
typically employ a leader–follower architecture [6]. In this configuration, devices (followers) capture real-time field 
conditions and operational status through imaging sensors, transmitting visual data to operator interfaces via network 
connections. Human operators (leaders) typically issue commands through input devices such as joysticks [7], keyboard and 
mouse interfaces [8], or gamepad controllers [9] while monitoring real-time visual feedback. This paradigm has also been 
implemented in adjacent domains, including semi-autonomous mobile rescue robots using Internet Protocol (IP) cameras for 
disaster-zone surveillance [10], low-cost urban search-and-rescue robots using camera-based visual feedback [11], and 
military support and rescue robots using wireless communication for remote operation [12].

Conventional video-stream-based control schemes, which rely on single-viewpoint visual feedback, place significant 
constraints on operational information acquisition, impairing teleoperation effectiveness and performance [13,14]. These 
limitations become particularly pronounced when operators control robots in complex and dynamic agricultural environments 
[9,14,15]. To address these constraints, researchers are actively exploring strategies to acquire more comprehensive on-site 
data. A 160° wide-angle camera with a resolution of 3280 × 2464 pixels was implemented on harvesting machinery to increase 
field-of-view coverage [16]. The visual system was paired with a display screen composed of three display interfaces, 
providing operators with panoramic situational awareness. Multi-camera teleoperation configurations have also been 
developed by deploying static cameras at critical positions, synchronizing and aligning the video feeds, and downscaling their 
resolution for unified display on a single monitor [17].

Nevertheless, these approaches remain constrained by the two-dimensional (2D) representation of visual data and the 
physical limitations of planar displays, often requiring multiple monitors, panoramic image stitching, or specialized image 
processing to improve operator awareness. With the development of virtual reality (VR) head-mounted displays (HMDs), 
researchers have attempted to overcome these limitations by providing immersive stereoscopic visualization and more natural 
interaction interfaces. In agricultural applications, Udekwe and Seyyedhasani [18] developed a SteamVR/Unity3D-based 
teleoperation framework for robot–plant interaction during fruit harvesting, achieving a 90% success rate and demonstrating 
the feasibility of using VR to improve operator immersion and interaction performance. Wang et al. [5] further explored 
immersive human–robot interaction for agricultural mobile robots by combining depth-camera-based environmental 
perception with VR visualization. In broader mobile and field robotic applications, Shen et al. [19] and Nakanishi et al. [20] 
implemented stereoscopic camera systems on mobile robots to support VR-based telepresence; Park et al. [21] delivered eye-
specific binocular video streams to VR displays and combined them with wearable motion controllers; and Wei et al. [22] 
integrated global and local visual feedback through VR spatial mapping to enhance operational awareness.

These VR-enhanced teleoperation systems can alleviate the depth-perception deficiency of conventional displays by 
emulating human binocular vision through stereoscopic disparity, thereby providing more intuitive depth cues and a stronger 
sense of presence than conventional monitor-based interfaces. However, many existing VR teleoperation systems still rely on 
fixed cameras, robot-mounted cameras, or local stereoscopic video feedback. Although such configurations improve local 
perception, they remain insufficient for large-scale agricultural environments, where operators must simultaneously 
understand the global scene layout, local terrain conditions, and dynamic changes around the robot. Therefore, VR 
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visualization alone cannot fully resolve the information-acquisition problem in agricultural teleoperation; rather, it must be 
combined with a scene-representation strategy that can provide both global spatial context and local real-time feedback.

To provide operators with the global spatial context beyond local visual feedback, recent studies have integrated three-
dimensional (3D) reconstruction, digital mapping, and virtual environments into teleoperation systems. This paradigm allows 
reconstructed environments to be visualized in VR from arbitrary viewpoints, providing operators with stronger immersion 
and more comprehensive situational awareness [23,24]. Pace et al. [25] developed a real-time 3D environmental 
reconstruction system based on color (red–green–blue)-depth (RGB-D) cameras; however, their experimental results showed 
trade-offs in reconstruction quality, particularly in semantic information fidelity. Wang et al. [5] adopted a simultaneous 
localization and mapping (SLAM)-based modeling method to support immersive human–robot interaction for agricultural 
mobile robots, while Naceri et al. [26] reduced computational costs by restricting 3D reconstruction to local regions captured 
by a wrist-mounted camera on a robotic manipulator. Other studies have attempted to reduce the computational burden 
through data abstraction or pre-modeling. Zhou et al. [27] used PointNet++ to classify complex point-cloud data and replace 
it with pre-modeled virtual objects. Holubek et al. [28] improved efficiency through computer-aided design (CAD)-model-
based pre-mapping, although such methods require a strict correspondence between physical and virtual elements. Van de 
Merwe et al. [29] and Pérez et al. [30] also investigated preconstructed environments for VR-based teleoperation and operator 
training, in which one-to-one virtual–physical mapping was established to enable immersive operation after rendering in VR 
devices. Nevertheless, these methods are often constrained by local workspaces, predefined scene models, or controlled 
environments.

Our previous study [4] followed this preconstruction-based direction by combining unmanned aerial vehicle (UAV)-based 
agricultural digital mapping with VR-assisted control, demonstrating that reconstructed agricultural 3D maps can provide 
useful global spatial information for immersive teleoperation. However, preconstructed 3D maps are inherently static and 
cannot independently reflect local dynamic changes during field operation, such as temporary obstacles, terrain disturbances, 
or the real-time state of the robot’s working area. Conversely, in unstructured agricultural environments characterized by 
vegetation occlusion, uneven illumination, and complex terrain, real-time full-scene 3D reconstruction remains 
computationally expensive and is often accompanied by latency, reduced resolution, and incomplete reconstruction [31,32]. 
These limitations indicate that neither purely real-time 3D reconstruction nor purely static preconstructed mapping is 
sufficient for robust agricultural teleoperation. A more practical solution is to combine a high-quality preconstructed 3D global 
map with lightweight real-time local perception, thereby providing a feasible trade-off among global scene awareness, local 
dynamic feedback, and computational feasibility.

Building on the above considerations, this study proposes an enhanced teleoperation system for agricultural mobile robots, 
named enhanced conventional teleoperation with virtual reality (ECT-VR). ECT-VR is designed as a hybrid information-
representation framework for human-in-the-loop agricultural teleoperation, rather than merely a combination of sensing and 
visualization modules. Instead of relying solely on real-time video streams or real-time full-scene 3D reconstruction, the 
system adopts a hybrid “3D+2D” architecture to integrate virtual and real-world information during robot operation. In the 
3D subsystem, UAVs are used to periodically acquire agricultural scene data, and static 3D global maps are reconstructed 
and refined to provide operators with global environmental perception, route-level understanding, and pre-operation 
observation. In the 2D subsystem, a depth camera mounted on the robot provides real-time RGB-D video feedback and 
supports pose estimation based on real-time appearance-based mapping (RTAB-MAP), thereby supplying local dynamic 
information around the robot during field operation. The virtual robot model in Unity is synchronized with the physical robot 
through real-time pose data, allowing the operator to observe the robot state within the preconstructed global map while 
simultaneously receiving local onsite feedback. Based on the Unity3D engine and VR interaction devices, the system further 
integrates intuitive control, global positioning visualization, collision-risk highlighting, and motion-command feedback. 
Through this integrated representation, ECT-VR is designed to support operator situational awareness and decision-making 
in unstructured agricultural environments, while improving the completeness and intuitiveness of teleoperation information 
for agricultural mobile robots.

The main contributions of this study are summarized as follows:
(1) An integrated hybrid VR teleoperation framework is developed for agricultural mobile robots in dynamic and 

unstructured field environments. By providing immersive spatial information and real-time local feedback, the proposed 
framework combines human decision-making with robot motion control, thereby alleviating the limitations of both full 
autonomy and conventional video-based teleoperation.

(2) A hybrid 3D+2D perception architecture is proposed to provide more comprehensive environmental awareness. 
Periodically updated UAV-based 3D global maps offer large-scale scene perception, while real-time RGB-D video feedback 
from the robot provides local dynamic information during field operation.

(3) A large-scale agricultural scene reconstruction and processing workflow is established by integrating COLMAP, a 
structure-from-motion (SfM) reconstruction tool, fast multi-view stereo network (Fast-MVSNet), Poisson reconstruction, 
Taubin smoothing, and other multi-stage post-processing techniques.

(4) A multi-source perception-based VR interaction interface is developed by integrating RTAB-MAP-based pose 
estimation and virtual-physical pose synchronization. This interface supports information visualization and robot motion 
control through immersion, intuitive control, global positioning, and collision-warning assistance. The proposed system is 
further validated through field experiments and user-centered evaluation.
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2. Materials and methods

2.1 Overall framework

To address the inherent limitations in information acquisition during conventional agricultural teleoperation, this study 
developed the ECT-VR mobile robot system for dynamic agricultural environments. Fig. 1 presents the overall architecture 
of the proposed ECT-VR system, which integrates a 3D global mapping subsystem, a 2D real-time feedback subsystem, and 
a VR-based interaction module. Unlike traditional video streaming or reconstruction methods, the system employs a 3D+2D 
approach. The 3D subsystem constructs a virtual space based on periodically updated unstructured static maps, providing 
operators with global scene awareness through large-scale environmental modeling. Although the maps themselves are static, 
the system achieves pose synchronization between the virtual robot model and the physical robot through operation-time pose 
feedback. The 2D subsystem, through real-time video stream transmission, focuses on the working area in front of the robot, 
providing real-time feedback on motion trajectories and operational status.

Fig. 1. Overall framework of the proposed system.

In the VR module, the system constructs an immersive interactive interface that integrates a stereoscopic information 
display with natural interaction control functions. At the control level, intuitive operations with spatial pose mapping are 
achieved through VR input devices, supporting head pose detection and controller command input to enhance control 
precision and operational naturalness. In terms of data visualization, drawing on concepts from gaming and autonomous 
driving domains, a stereoscopic information processing system was developed: The global map presents the geographic 
coordinates, the collision-warning module highlights risk areas, and control commands provide visual feedback. Multi-sensor 
perception is provided through the system-level integration of UAV image data, robot-mounted RGB-D sensing, RTAB-
MAP-based pose estimation, and VR-side interaction sensing.

2.2 The 3D subsystem

2.2.1 Data collection and processing

UAV image data were acquired using a DJI Mini 3 Pro equipped with a built-in RGB camera. Video frames with a 
resolution of 1280 × 960 pixels were extracted as the input for subsequent SfM and multi-view stereo processing. The UAV 
acquisition strategy was adjusted according to the spatial structure and occlusion characteristics of each experimental site. 
Rotational scans were used for the site comprising a small garden and wooded area to improve image coverage under 
surrounding-building or vegetation occlusion, whereas raster scans were used for the larger park-like scene and the field-
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validation environment to cover elongated and open field terrain. The UAV had a maximum wind-speed resistance of 10.7 
m∙s−1, and data collection was conducted under outdoor conditions within this operational limit. The corresponding camera-
pose distributions estimated by COLMAP were used to check image coverage before dense reconstruction. After image 
acquisition, ECT-VR employs COLMAP, an SfM reconstruction tool, to estimate the camera pose for each image in 
preparation for subsequent 3D reconstruction [33]. First, COLMAP performs scale-invariant feature transform (SIFT) feature 
extraction on all images [34]. SIFT identifies key points in the images and generates 128-dimensional feature vector 
descriptors, which are robust to illumination, rotation, and scale variations. Feature matching is then used to find 
corresponding feature points across images, with the random sample consensus (RANSAC) algorithm employed to filter out 
incorrect matches [35]. Based on the matched points, triangulation generates an initial sparse point cloud. Feature points in 
this sparse point cloud are continuously matched with those in new images. As new images are integrated, the system performs 
triangulation, pose estimation, and local bundle adjustment (BA) optimization [36]. Finally, global BA optimization is applied 
to all camera poses and the sparse point cloud to obtain accurate camera poses.

The processing workflow of the 3D subsystem is summarized in Fig. 2. In the current prototype, the UAV-based 3D map 
update is intended for the periodic or event-triggered refresh of relatively stable global scene structures, rather than real-time 
reconstruction of rapidly changing objects. In practical deployment, the update interval should depend on field changes, crop 
growth stage, task schedule, and the occurrence of large structural changes, whereas short-term dynamic elements are handled 
by the 2D real-time feedback subsystem through RGB-D video, depth sensing, and collision-warning visualization during 
teleoperation.

Fig. 2. The 3D subsystem processing framework.

2.2.2 Point-cloud reconstruction

Inferring 3D information from 2D images has long been a core challenge in computer vision and a crucial technique for 
achieving the shift from planar perception to 3D information acquisition. ECT-VR employs the Fast-MVSNet model [37], an 
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end-to-end multi-view stereo algorithm based on deep learning. Fast-MVSNet is an efficient improvement over the classic 
MVSNet [38], with advantages in terms of speed: It is multiple times faster than traditional models such as MVSNet and 
Point-MVSNet [39]. This computational advantage is beneficial for updating static 3D maps in the proposed workflow. It 
enables the estimation of pixel-level depth in multi-view images without prior geometric assumptions. ECT-VR takes the 
multi-view images captured by the UAV as input to a convolutional neural network to extract multi-scale semantic features. 
Then, based on the internal and external parameters of the camera (i.e., focal length, pose matrix), it warps the features of 
each view to the coordinate system of the reference view, constructs a sparse 3D cost volume, and generates a high-resolution 
sparse depth map through 3D U-Net regularization and Softmax–Argmax operations. Since the sparse depth map does not 
cover all pixels, a joint bilateral upsampling module is needed. Using the original image as a guiding signal, it learns the 
spatial distance weights and feature similarity weights between pixels to densify the depth map. Finally, a Gauss–Newton 
layer is introduced to transform the depth estimation into a nonlinear least-squares problem. By optimizing the multi-view 
reprojection error, the dense depth map is refined to sub-pixel accuracy. Herein, ECT-VR utilized the Fast-MVSNet model 
trained on the DTU training dataset [40].

After obtaining the depth information of the images, multi-view depth fusion is necessary. Here, we adopt the point-cloud 
fusion algorithm from D2HC-RMVSNet [41]. As described in that work, the transformation from a depth pixel to a world-
coordinate 3D point follows the standard back-projection geometry using the camera’s intrinsic and extrinsic parameters, as 
expressed in Eqs. (1) and (2):

𝑋w
𝑌w
𝑍w
1

= 𝑇c
w

𝑍c ⋅ 𝑢 𝑐𝑥
𝑓𝑥

𝑍c ⋅ 𝑣 𝑐𝑦

𝑓𝑦
𝑍c
1

 (1)

where (𝑢,𝑣) are the image pixel coordinates, (𝑐𝑥,𝑐𝑦) are the principal point coordinates, 𝑓𝑥 and 𝑓𝑦 are the focal lengths 
in the x- and y-directions, 𝑍c is the depth value in the camera coordinate system, 𝑇c

w is the extrinsic matrix of the camera, 
and (𝑋w,𝑌w,𝑍w) are the 3D point coordinates in the world coordinate system.

𝑇c
w = 𝑅 𝑡

0 1  (2)

where 𝑅 is a 3 × 3 rotation matrix, and 𝑡 is a 3 × 1 translation vector.
After obtaining the point cloud, to improve its quality, unreliable depth values must be filtered out based on the photometric 

confidence and geometric consistency of the point cloud in multiple views.

2.2.3 Post-processing and meshing

Although the point cloud has already undergone filtering during the depth fusion process, it is still necessary to further 
remove outliers. Here, statistical filtering was employed as a standard point-cloud outlier-removal strategy [42]. Statistical 
filtering traverses all the points and calculates the average distance of the points within the neighborhood of each point. For 
each point 𝑃𝑖 in the point cloud, its 𝑘 nearest neighbor points are found, and the average distance 𝑑𝑖 from 𝑃𝑖 to these 
neighborhood points is calculated:

𝑑𝑖 = 1
𝑘

𝑘

𝑗=1
  ∥ 𝑝𝑖 ― 𝑝𝑗 ∥  (3)

where 𝑝𝑗 is the 𝑗th nearest neighbor point of 𝑝𝑖. Then, the average distance 𝜇 and the standard deviation 𝜎d of all points 
are calculated:

𝜇 = 1
𝑛

𝑛

𝑖=1
 𝑑𝑖 (4)

𝜎d = 1
𝑛

𝑛

𝑖=1
  (𝑑𝑖 ― 𝜇)2 (5)
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After that, different thresholds must be set for different scenarios to filter out outliers accordingly. The following are the 
criteria for identifying outliers:

𝑑𝑖 > 𝜇 + α𝜎d (6)

where α is a scene-dependent statistical filtering coefficient that controls the strictness of outlier removal. After filtering, 
meshing is required. First, the normals of the point-cloud data are calculated to obtain the orientation of the local surface at 
each point, which is perpendicular to the local tangent plane. To ensure the quality of the normals, we employ multiple 
smoothing iterations to prevent excessive differences in normal directions between adjacent points caused by the significant 
unevenness of various plants in agricultural scenes. Subsequently, Poisson surface reconstruction is used to mesh the point 
cloud [43]. In Poisson reconstruction, the point-cloud space is divided using a multi-resolution octree to support efficient 
computation. Here, to ensure the accuracy of the model, the maximum depth of the octree is set to 12. Adaptive sampling is 
applied to the depth. For areas with higher point-cloud density, deeper voxels are used; for low-density areas, shallower voxels 
are adopted. The parameters used for statistical filtering, normal estimation, and Poisson reconstruction at the four 
experimental sites are summarized in Table 1. The parameters in Table 1 were selected empirically through preliminary 
reconstruction trials, considering the point-cloud noise, density distribution, terrain-detail preservation, and model complexity.

Table 1 
Parameters for statistical filtering, normal estimation, and Poisson reconstruction across four experimental sites.

Statistical filtering Normals

k α Neighbor number Smoothing iterations

Poisson reconstruction depth

Experiment site 1
5 5 200 5

12

Experiment site 2
50 1 60 3

12

Experiment site 3
6 1 50 20

12

Experiment site 4
6 1 50 20

12

After obtaining the mesh, due to the inherent shortcomings of Poisson reconstruction or issues with outliers, redundant 
Poisson faces may emerge. Herein, the system performs Poisson cleanup—specifically, “Select faces with edges longer 
than...”—on each mesh model. For the model after Poisson reconstruction, all faces in the mesh are traversed, and the length 
of each edge of every face is checked. If a face contains at least one edge whose length exceeds a set threshold, that face is 
selected and removed. Subsequently, the model undergoes “remove isolated pieces” to further delete isolated faces that are 
far from the main model. These operations reduce invalid information and redundant abnormal faces in the model to a certain 
extent.

Since COLMAP and Fast-MVSNet were not originally designed for processing large-scale agricultural information, which 
is inherently complex, the generated large-scale models inevitably contain numerous minor errors. These errors not only 
compromise the subsequent semantic analysis of the models but also exacerbate computational complexity. To address this 
issue, the system applies Taubin smoothing to each model, which adjusts the positions of mesh vertices to reduce surface 
noise and make the mesh smoother [44]. This algorithm differs from traditional smoothing algorithms: Conventional 
Laplacian smoothing achieves smoothing by moving vertices to the average position of their neighboring vertices, which, 
after multiple iterations, often leads to gradual shrinking and volume loss of the model. However, the Taubin smoothing 
algorithm, developed from Laplacian smoothing, can resolve this problem. Each iteration of Taubin smoothing involves one 
shrinking step and one expanding step; the synergistic effect of these two operations counteracts the shrinking issue, ensuring 
that the model is smoothed while retaining more original information.

Even after undergoing Poisson cleanup and the removal of isolated pieces, the volume and size of the model may still be 
excessively large, requiring processing while ensuring that accuracy and semantic information are preserved. Here, the system 
employs the simplification: quadric edge collapse decimation algorithm [45], which reduces the number of vertices and faces 
by merging the two endpoints of an edge into a new vertex. The algorithm’s most critical feature is the use of a quadric error 
metric, which enables the reduction of vertices and faces while preserving the key geometric features of the model as much 
as possible, achieving low-distortion simplification. The parameters used for edge-length filtering, isolated-piece removal, 
Taubin smoothing, and quadric edge collapse decimation at the four experimental sites are listed in Table 2. The parameters 
in Tables 1 and 2 were selected empirically through preliminary reconstruction trials by balancing outlier removal, terrain-
detail preservation, mesh continuity, and Unity rendering efficiency.

Table 2 
Parameters for edge length filtering, isolated piece removal, Taubin smoothing, and quadric edge collapse across four experimental sites.

Remove isolated pieces Taubin smoothingEdge-length filtering threshold 
(model units)

Absolute 
threshold

Percentage 
threshold

Lambda 
(λ)

Mu 
(μ)

Iterations
Quadric edge-collapse target 
face ratio (0–1)
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Experiment 
site 1

0.10 0.3297 1.5 0.9 0.2 10 0.4

Experiment 
site 2

0.10 3.3979 11.0 0.9 −0.1 10 0.2

Experiment 
site 3

0.15 2.8672 10.0 0.9 −0.1 10 0.2

Experiment 
site 4

0.80 1.7211 10.0 0.9 −0.1 10 0.2

After obtaining the mesh, the 3D surface is unwrapped into a 2D UV space using MeshLab. For texture generation, the 
mesh surface is parameterized into a 2D UV domain, and barycentric coordinates are used to map triangle vertices and 
interpolate vertex colors within each texture triangle [46,47]. As illustrated in the inset of Fig. 2, each triangle on the 3D 
surface was mapped to a corresponding triangle in the UV domain. Suppose that the three vertices of a triangle are denoted 
as 𝑉1(𝑥1,𝑦1,𝑧1), 𝑉2(𝑥2,𝑦2,𝑧2), and 𝑉3(𝑥3,𝑦3,𝑧3). Then, any point in this triangle can be represented by the following 
formula, and each point is transformed into a (𝛼, 𝛽, 𝛾) coordinate:

𝑃 = 𝛼𝑉1 +𝛽𝑉2 +𝛾𝑉3 (𝛼 + 𝛽 + 𝛾 = 1,𝛼 ≥ 0,𝛽 ≥ 0,𝛾 ≥ 0) (7)

where (𝛼, 𝛽, 𝛾) are barycentric-coordinate weights that describe the relative contribution of the three triangle vertices to 
point 𝑃. To ensure accurate area mapping, each 3D triangle will be mapped to the corresponding 2D triangle according to 
the relative size of its area. The formula is as follows:

𝑎 = 𝑉2 ― 𝑉1 (8)

𝑏 = 𝑉3 ― 𝑉1 (9)

𝐴3D = 1
2 ∥ 𝑎 × 𝑏 ∥  (10)

𝐴2D = 𝐴3D
𝐴total

× 𝑆 (11)

𝑆 = textdim × textdim (12)

If we assume that the total area of all triangles is 𝐴total and the area of the current triangle is 𝐴3D, then the area 𝐴2D 
allocated to this triangle in the 2D parameterized domain can be expressed as follows. After determining the area occupied 
by the triangle in the 2D texture, they will be arranged sequentially in the 2D plane, with a reserved boundary (border = 2) 
between each other. After selection, an attempt can be made to correspond the three 3D triangle vertices 𝑉1(𝑥1,𝑦1,𝑧1), 𝑉2(
𝑥2,𝑦2,𝑧2), and 𝑉3(𝑥3,𝑦3,𝑧3) to 𝑈1(𝑢1,𝑣1), 𝑈2(𝑢2,𝑣2), and 𝑈3(𝑢3,𝑣3).

Each point corresponding to a 2D triangle can be mapped using the following formula:

𝑄 = 𝛼𝑈1 +𝛽𝑈2 +𝛾𝑈3 (13)

After obtaining the texture mapping, the colors of the corresponding vertices are interpolated onto the texture map. Let 𝑞 
= (𝑢,𝑣) denote a texture pixel inside a UV triangle, and let 𝑈1 = (𝑢0,𝑣0), 𝑈2 = (𝑢1,𝑣1), and 𝑈3 = (𝑢2,𝑣2) denote the 
three vertices of this triangle in the UV domain. The corresponding vertex colors are denoted as 𝐶1, 𝐶2, and 𝐶3. The 
barycentric-coordinate weights 𝜆1, 𝜆2, and 𝜆3 represent the relative contributions of the three vertices to the color of q and 
satisfy 𝜆1 + 𝜆2 + 𝜆3 = 1. To avoid using undefined variables, 𝜆2 and 𝜆3 are first calculated as follows:

𝜆2 = (𝑢 𝑢0)(𝑣2 𝑣0) (𝑣 𝑣0)(𝑢2 𝑢0)
(𝑢1 𝑢0)(𝑣2 𝑣0) (𝑢2 𝑢0)(𝑣1 𝑣0) (14)

𝜆3 = (𝑣 𝑣0)(𝑢1 𝑢0) (𝑢 𝑢0)(𝑣1 𝑣0)
(𝑢1 𝑢0)(𝑣2 𝑣0) (𝑢2 𝑢0)(𝑣1 𝑣0) (15)
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𝜆1 = 1 ― 𝜆2 ― 𝜆3 (16)

After that, color proportion mixing is carried out according to the barycentric coordinates:

𝐶pixel = 𝜆1𝐶1 + 𝜆2𝐶2 + 𝜆3𝐶3 (17)

This triangle-wise parameterization and barycentric interpolation strategy helps allocate texture space according to the 
relative geometric area of each triangle, thereby improving texture utilization while preserving the visual consistency of the 
reconstructed agricultural scene.

2.3 2D video feedback and SLAM-based pose estimation

To achieve real-time environmental feedback and SLAM-based pose estimation for robotic operations, this study employs 
a depth camera as the core sensor. Unlike the RGB cameras used in conventional teleoperation technologies, the ECT-VR 
system utilizes a depth camera for three key reasons: First, it provides critical distance-sensing data for the design of the 
collision-warning module, which will be detailed in Section 2.5; second, it supports the operation of SLAM real-time 
positioning algorithms, accelerating the acquisition of environmental depth information through the camera’s built-in active 
stereo vision hardware framework to obtain richer 3D spatial information, thereby improving the speed and quality of 
positioning; and third, it leverages hardware resources to their fullest extent by offloading 3D distance calculations to the 
depth camera’s internal hardware and software. This approach reduces both system construction and computational costs 
while eliminating the need for additional hardware across multiple modules.

The Intel RealSense D455, mounted at the front of the robot, is used to continuously collect depth and color data of the 
forward scene. The Intel RealSense D455 is a depth camera based on active stereo vision technology, equipped with dual 
infrared stereo cameras and operating within a range of 0.6 to 6 m. In the robot operating system (ROS) environment, both 
the RGB and depth camera resolutions are set to 1280 × 720, with a frame rate configured at 30 frames per second (FPS). By 
launching the realsense2_camera driver package, the camera’s RGB and depth information are published on the 
/camera/color/image_raw and /camera/depth/image_rect_raw topic, respectively. To facilitate transmission, the acquired 
images are compressed into JPEG format. While processing data, the system monitors all network interfaces and transfers 
data via the WebSocket protocol. The WebSocket supports full-duplex communication and was used for bidirectional data 
exchange between Unity and the robot-side ROS system, making it suitable for scenarios with high real-time requirements. 
The data receiver is integrated into the Unity3D engine on the server, and the received video data is visualized in the center 
of the screen to assist operators in understanding onsite conditions.

Beyond these functional requirements, the RealSense D455 was selected as the primary local exteroceptive sensing device 
on the robot side because the proposed ECT-VR system is designed as a human-in-the-loop teleoperation framework rather 
than a fully autonomous navigation system. The RGB-D camera simultaneously provides the color images, depth 
measurements, and geometric information required for real-time video feedback, RTAB-MAP-based pose estimation, and 
collision-risk visualization. Compared with a multi-sensor configuration involving lidar or ultrasonic sensors on the robot 
platform, the RGB-D-centered configuration reduces the hardware cost, calibration complexity, and data-synchronization 
burden. Since the robot operates at a relatively low speed under human supervision, the forward RGB-D sensing region 
provides adequate local perception for the main working area during teleoperation.

For operation-time robot pose estimation, the ECT-VR system also relies on the ROS framework and uses the RTAB-MAP 
algorithm [48], which subscribes to the depth camera’s RGB image, depth image, and camera intrinsic parameter topics 
through ROS. The camera intrinsic parameters are used to correct image distortion and convert depth pixel values into 3D 
point-cloud coordinates (X, Y, Z). First, the algorithm extracts robot operating system (ORB) (oriented FAST and rotated 
BRIEF) keypoints [49] and binary robust independent elementary features (BRIEF) descriptors [50] from the corrected RGB 
images. Then, it maps the 2D coordinates of the key points to the 3D space through the camera intrinsic parameters, generating 
feature points with XYZ coordinates. During this process, the feature points corresponding to invalid values in the depth map 
are filtered out to ensure that only valid 3D features participate in subsequent processing. The BRIEF descriptors are used to 
match the ORB features of adjacent frames. After removing mismatched points using RANSAC, the camera pose 
transformation matrix is solved by the Perspective-n-Point (PnP) algorithm based on the correspondences between 3D spatial 
points and 2D image points, thereby obtaining the motion state of the robot between consecutive frames [51]. RTAB-MAP 
continuously optimizes the pose estimation results and reduces cumulative errors by maintaining key frames and using a loop-
closure detection mechanism.

RTAB-MAP outputs the motion and orientation of the machine’s current position in real time. These data are collected by 
the system via the nodes of the ROS system and then transmitted in real time to Unity’s virtual environment through the 
WebSocket protocol, supporting pose synchronization between the physical robot and the virtual robot model in the Unity 
environment. In the proposed ECT-VR system, RTAB-MAP is used to provide operation-time relative pose feedback for 
virtual–physical synchronization and robot-position visualization in the VR interface. The pose-estimation subsystem serves 
as an enabling module for teleoperation interface synchronization rather than as a metric-grade localization solution for fully 
autonomous navigation. The above reconstruction, mesh-processing, and pose-estimation algorithms were adopted as 



T. Liu, Y. Xie, Y. Li et al. / Engineering xxx (2026) xxx-xxx

standard enabling methods in the ECT-VR workflow, and no modification was made to their core formulations.

2.4 Joystick control and body pose acquisition

The Pico 4 headset was used as the six-degree-of-freedom (6DoF) VR interaction terminal for immersive visualization and 
controller-based command input. Its hardware configuration includes dual 2.56-inch Fast-LCD displays with a combined 
resolution of 4320 × 2160 for both eyes and a 105° field of view (FOV), supporting refresh rates of up to 90 Hz. The Pico 4 
was selected because its relatively lightweight headset body can reduce the burden of prolonged VR operation.

During operation, the Snapdragon XR2 chip built into the Pico 4 VR headset lacks sufficient computing power to handle 
large-scale 3D map rendering. Therefore, the system employs a wired streaming solution via a USB 3.2 Gen 2 interface, 
offloading rendering tasks to a high-performance server (configuration: Intel i9-14900KF, NVIDIA RTX 3090, 128 GB 
RAM). The server establishes connections through the Pico Developer Platform, implementing virtual scene rendering, sensor 
data fusion, and interaction logic processing based on the Unity engine.

To acquire the operator’s control signals, ECT-VR primarily relies on the VR controllers and headset. The left and right 
VR controllers perform distinct control functions: The left-hand controller manages virtual viewpoint movement, enabling 
operators to navigate freely within large-scale 3D static maps, while the right-hand controller handles mobile robot control. 
Acquired commands are transmitted directly to the mobile robot via the WebSocket protocol to regulate its movement. 
Additionally, the inertial measurement unit (IMU) and inside-out tracking cameras integrated into the Pico 4 headset are used 
to estimate the operator’s head position and orientation in real time, providing 6DoF pose information for immersive 
viewpoint control and interaction within the virtual environment. The controller tracking data and button states are also 
acquired as interaction inputs and transmitted to the Unity-based control interface. Fig. 3 illustrates the VR-driven joystick-
control and pose-acquisition framework.

Fig. 3. VR-driven joystick-control and pose-acquisition framework for mobile machines.

2.5 Data-processing system on Unity3D

The deployment of the information-processing system primarily relies on the Unity3D engine. Due to its excellent image 
rendering, interactive development, and physical engine optimization, Unity3D is used for large-scale 3D scene rendering and 
real-time data processing. Unlike conventional teleoperation, this system primarily utilizes Unity’s asynchronous rendering 
pipeline and data parallel processing framework. In terms of VR connection, the system employs the Unity XR Interaction 
Toolkit to construct the VR interaction framework. The communication link between the VR end and the Unity end is 
established using the PICO Developer Center software and Unity Live Preview Plugin, enabling bidirectional data 
synchronization between the Unity engine and the PICO 4 headset. Interactive data such as the headset’s IMU pose (6DoF) 
and controller button states are transmitted in real time to the server-side Unity scene, while the virtual scene rendered by 
Unity is encoded into an H.264 stream and transmitted to the headset display via a USB 3.2 Gen 2 interface. The PICO Unity 
Integration SDK resource package provides controller model data and precise interaction mapping parameters for VR 
development.

When communicating with the mobile robot side, the system implements a Unity-side communication script based on the 
WebSocket protocol for bidirectional data exchange with the robot-side ROS system. This script receives robot-side feedback 
data and transmits control commands from Unity to the mobile robot during operation.

The system integrates a collision-avoidance warning module that leverages the depth camera on the robot side for 
information acquisition. Specifically, it relies on the depth map from the depth camera to calculate the distances between the 
robot and objects in the working area ahead. Subsequently, threshold segmentation is applied to generate masks and process 
the depth data. Objects that are too close to the robot are identified by their positions in the depth map, which are then mapped 
to corresponding locations in the RGB image. Such objects trigger an alarm, highlighted in red on the RGB display.

It should be noted that the depth camera is used to monitor the forward working area rather than to provide complete 360° 
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environmental coverage. To reduce the influence of the near-field blind region, the warning threshold was set greater than the 
minimum reliable sensing distance of the D455, so that potential obstacles can be highlighted before they enter the near-field 
region where depth measurements become less reliable. In addition, the camera was mounted at the front of the robot to cover 
the main driving direction. The preconstructed 3D global map and the real-time video stream further allow the operator to 
inspect static terrain risks and local dynamic conditions before issuing motion commands. In this way, blind-spot risks are 
mitigated through the combination of forward depth sensing, conservative warning design, global map observation, real-time 
visual feedback, and human supervision. In the current prototype, the red-highlight collision warning was triggered using a 
fixed safety-distance threshold of 0.7 m. When the measured depth value of an object or local region in the forward depth 
image was smaller than 0.7 m, the corresponding region was mapped onto the RGB image and highlighted in red in the VR 
interface. This threshold was empirically selected according to the reliable sensing range of the RealSense D455 and the low-
speed human-supervised teleoperation setting, and it was fixed rather than adaptive or scenario-dependent during the 
experiments.

Although the preconstructed 3D map provides useful global spatial context, it should be regarded as a static environmental 
prior rather than a complete real-time representation of all field elements. In practical agricultural environments, moving 
machinery, personnel, animals, and temporarily placed tools may cause discrepancies between the preconstructed map and 
the current field state. In the current ECT-VR framework, this risk is mitigated by combining the static global map with real-
time RGB-D video feedback, depth-based collision-warning visualization, and human-in-the-loop supervision. The operator 
can use the global map for route-level spatial understanding while relying on the real-time local video and depth information 
to identify temporary or moving obstacles near the robot. When a clear mismatch between the static map and the live RGB-
D feedback is observed, the operator should rely primarily on the live feedback for immediate decision-making and trigger a 
map refresh before subsequent operation if the field structure has changed substantially.

Additionally, to enhance the operator’s spatial awareness, the system implements a global positioning function. By 
processing the robot’s positional data, it provides real-time updates of the vehicle’s location in the upper-right corner of the 
interface. The vehicle’s position is displayed on a local mini-map from a top-down global perspective, with the robot 
represented as a prominent red dot to facilitate intuitive spatial orientation.

For the 3D visualization of control commands, the system translates virtual viewpoint movements controlled by the left 
controller and the motion commands of the mobile robot issued via the right controller into arrow-shaped indicators of distinct 
colors. These arrows appear at the center of the interface only when commands are issued, remaining hidden otherwise to 
avoid obstructing normal observation. This visualization method directly and intuitively represents the operator’s control 
intentions, clarifying the spatial characteristics of operational commands.

2.6 Mobile machinery control

To establish communication between the control terminal and the robotic platform, the system employs the WebSocket 
protocol. The joystick actions on the VR controller are detected in real time by Unity, with forward/backward movements 
corresponding to the robot’s linear velocity and left/right movements to its angular velocity. Unity parses these joystick inputs 
into control commands, converts them into ROS-compliant velocity messages encompassing linear velocity and angular 
velocity, and publishes them via the cmd_vel topic.

The robot terminal subscribes to the cmd_vel topic through an ROS node to receive velocity commands in real time. Based 
on the physical parameters of the device, such as the distance between the left and right tracks, gear-reduction ratio, and wheel 
radius, this node calculates the target rotational speeds of the left and right wheels from the linear and angular velocities, 
converts them into control signals in hexadecimal format, and sends them to the motor driver via a serial port, ultimately 
driving the robot to move.

To provide feedback on the actual robot motion state, the system does not use the theoretical values of control commands 
as feedback for motion states; instead, it relies on the RTAB-MAP algorithm to estimate the actual motion of the robot in real 
time. This approach helps the interface present the estimated actual motion state of the robot rather than only the commanded 
motion. In the current prototype, this pose feedback was mainly used for visualization and virtual–physical synchronization.

3. Results and discussion

3.1 Front-end processing

To evaluate the adaptability of the proposed reconstruction and visualization workflow, tests were conducted at four 
agricultural and field-relevant outdoor sites with different scene structures. These experiments were designed as a preliminary 
feasibility-oriented validation of the ECT-VR workflow rather than as a comprehensive agronomic field trial across different 
crop types, seasons, and production operations. Experiment site 1 was a small garden between buildings, experiment site 2 
was a wooded area, experiment site 3 was a park-like open scene, and experiment site 4 was a field environment containing 
terrain variations and ditch-like obstacles. These sites were selected to represent different levels of scene scale, vegetation 
density, terrain complexity, and reconstruction difficulty. The reconstruction-related evaluation focused on UAV image 
acquisition, camera-pose estimation, point-cloud reconstruction, mesh post-processing, and Unity-based visualization across 
these representative environments.
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The dataset for this study was collected using a DJI MINI 3 Pro drone, and the acquired data were comprehensively 
processed by the system. The processing workflow relied primarily on an RTX 3090 GPU for computations, with 3D 
visualization implemented via Unity 3D. For the videos captured by the drone, images with a resolution of 1280 × 960 pixels 
were extracted to serve as input for subsequent algorithmic computations.

Fig. 4 illustrates the sparse point clouds and camera poses computed using COLMAP. Different columns in the figure 
correspond to the reconstruction results from different experimental sites, where points of varying colors denote key feature 
points involved in camera-pose estimation, and the red camera coordinate frames represent the relative poses of the cameras. 
Different imaging methods were employed according to the site characteristics, including rotational scans and raster scans. 
The UAV acquisition strategy was adjusted according to the spatial structure and occlusion characteristics of each site. For 
experiment site 1, a rotational scan was adopted around the central garden area, and images were acquired from two circular 
trajectories at different viewing heights to improve coverage of both the target area and the surrounding vertical structures. 
For experiment site 2, a rotational scan was also used around the wooded area to reduce occlusion among tree trunks and 
canopies caused by single-view acquisition. For experiment site 3, a raster scan was adopted because the scene was larger and 
more elongated, containing mixed terrain elements such as trees, depressions, reed-like vegetation, and wetland-like terrain. 
For experiment site 4, which represented the field-validation environment, a raster scan was used to cover the field terrain 
and ditch-like risk areas. Therefore, the red camera-pose symbols in Fig. 4 not only indicate the estimated camera poses from 
COLMAP but also provide a visual record of the actual image-acquisition coverage and scan pattern for each site.

Fig. 4. COLMAP-derived camera pose visualization across scales, scan modes, and views.

3.2 Point-cloud map and post-processing

Following processing by Fast-MVSNet, corresponding depth maps were generated for each input image. These depth maps 
were spatially aligned with the input images on a pixel-by-pixel basis, such that each pixel’s RGB value uniquely 
corresponded to a depth value. Simultaneously, a pixel-wise confidence map was generated for each depth map to characterize 
the reliability of the depth values. The information for each pixel could thus be represented as a triple—RGB, 𝐷, and 𝐶 —
where 𝐷 denotes the depth value and 𝐶 denotes the confidence value. During the subsequent point-cloud fusion stage, the 
depth data were processed based on the confidence maps to mitigate the influence of low-reliability measurements.

The first part of Fig. 5 demonstrates the fusion results. For large-scale scenes, the algorithm generated initial dense point-
cloud data, clearly preserving geometric features such as road morphology and terrain undulations in the scene. However, the 
initial point cloud produced by the algorithm contained certain outliers, primarily originating from sensor measurement noise, 
stereo matching errors, and pseudo-reconstruction in occluded areas caused by the drone’s viewing angle limitations. As 
shown in Fig. 5, discrete noise points at the boundaries of distant buildings and pseudo-points in tree regions were effectively 
removed after filtering, improving the purity of the point cloud. To improve the traceability of the visual comparison, zoomed-
in detail insets are included in Fig. 5 to highlight representative regions affected by boundary noise, vegetation-related pseudo-
reconstruction, and outlier removal after statistical filtering. The target scenarios are unstructured agricultural scenes, where 
the point-cloud density is highly non-uniform, and noise and valid local areas are constantly mixed. Therefore, using statistical 
filtering is reasonable and robust. Since the Poisson reconstruction algorithm relies on point-cloud data with normal 
information, outliers can lead to normal estimation bias, causing errors such as local protrusions and non-manifold connections 
in the reconstructed surface. The above filtering process improved the quality of the input point cloud and provided a cleaner 
basis for subsequent mesh reconstruction, helping the Poisson reconstruction preserve the main geometric structure of the 
scene.
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Fig. 5. Point-cloud reconstruction and filtering results across four experimental sites, including (clockwise starting top left for each set of images) 
initial point clouds, statistically filtered point clouds, Poisson-reconstructed meshes, and zoomed-in detail insets. The enlarged regions highlight 
representative boundary noise, vegetation-related pseudo-reconstruction, and local improvements after filtering.

Fig. 5 demonstrates the model results after Poisson reconstruction. Poisson surface reconstruction estimates a continuous 
implicit function from oriented point clouds and therefore tends to generate continuous or partially closed surfaces when the 
input data contain incomplete observations, sparse boundaries, or surrounding vertical structures. Thus, the “capping” 
phenomenon observed in experiment site 1 is mainly a general algorithmic tendency of Poisson reconstruction under bounded 
or incomplete point-cloud conditions, rather than a problem unique to agricultural scenes. In this experiment, the surrounding 
high-rise buildings and the target scene were jointly involved in the reconstruction, causing a closed surface to be generated 
above the model. This effect is less critical in typical flat and open farmland, where tall enclosing structures are absent and 
the ground surface can be more continuously captured by UAV images. Possible artifacts are more likely to appear near sparse 
boundaries rather than over the main robot operating area. It can be further mitigated by region-of-interest cropping, increasing 
oblique-view UAV images, removing long faces and isolated components, and applying mesh cleanup before Unity rendering.

Fig. 6 shows the mesh optimization workflow after Poisson reconstruction, where the first two rows correspond to the 
results of Poisson cleanup and isolated faces removal, respectively. These two operations aim to address the issues of 
excessive meaningless faces and model closure caused by Poisson reconstruction; that is, in Unity 3D rendering, closed 
surfaces can form optical closed shells, leading to incorrect light irradiation inside the scene and degraded global illumination.
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Fig. 6. Mesh post-processing results at four experimental sites, including Poisson cleanup, isolated-face removal, Taubin smoothing, decimation, 
and texture mapping.

As shown in Fig. 6, due to the large scene scale and irregular sampling of point-cloud data, local geometric errors were 
inevitably introduced, leading to high-frequency minor undulations on the model surface. To address this issue, the Taubin 
smooth non-uniform mesh-smoothing algorithm was applied to process the model. As illustrated in Fig. 6, after processing, 
noise on the ground surface was effectively suppressed, and surface continuity was significantly improved, better 
approximating the smooth characteristics of real terrain. During the mesh optimization stage, decimation was performed on 
the model. Although the number of polygons was reduced, the decimation operation had minimal impact on the overall scene 
quality. The processed model still retained abundant structural details and key semantic information.

After this processing and mesh optimization, the model more accurately reflects the true characteristics of the original data, 
with redundant noise and non-representative geometric information effectively removed. This treatment not only reduces the 
computational and storage overheads caused by high-frequency geometric fluctuations but also improves the efficiency of 
real-time rendering in Unity, avoiding unnecessary resource consumption during the rendering process.

To display the processed 3D scene model, it was imported into the Unity Engine for visualization rendering. Considering 
the natural characteristics of agricultural scenes, directional light illumination was not adopted; instead, ambient light based 
on the universal render pipeline was employed for global illumination calculations. As shown in Fig. 7, the reconstructed 
model reproduced the main geometric features and terrain undulations in Unity, supporting its use as a VR-renderable global 
scene representation for teleoperation.

3.3 System stereoscopic information

Fig. 7 presents the main stereoscopic information-display functions of the ECT-VR interface. Figs. 7(a) and (b) show Unity-
rendered scene visualizations from two representative viewpoints, demonstrating the reconstructed agricultural scene 
presented to the operator. Figs. 7(c) and (d) show VR-view screenshots after the reconstructed scene are streamed to the 
headset. Each VR screenshot contains the left- and right-eye rendered views, thereby providing binocular parallax and 
enhancing the operator’s sense of presence in the reconstructed environment.

To balance environmental information integrity with interaction-prompt clarity, the motion-indication arrows are rendered 
with 50% transparency. The arrows are displayed only when the corresponding commands are activated and remain hidden 
when neither the virtual viewpoint nor the physical robot is being controlled. Figs. 7(e) and (f) show magnified regions 
cropped from Figs. 7(c) and (d), respectively, to provide a clearer view of the motion-indication arrows. Blue arrows indicate 
pan or rotation commands of the virtual viewpoint, whereas green arrows indicate motion commands issued to the physical 
robot. This design allows the operator to understand the command direction without obstructing important environmental 
information.
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Figs. 7(g) and (h) illustrate the global map module designed in this study, which draws inspiration from the minimap 
mechanism in game interactions. The global map is fixed in the upper-right corner of the interface as a 2D thumbnail by 
default and presents a bird’s-eye view of the scene. Operators can enlarge the map by pressing a controller button when 
necessary. The red circular marker represents the real-time robot position, and its coordinates are dynamically synchronized 
with the 3D model in the scene. This design helps operators quickly establish the spatial correspondence between the virtual 
map and the physical world.

Fig. 7. Stereoscopic information display of the ECT-VR system: (a, b) Unity-rendered scene visualizations; (c, d) VR-view screenshots; (e, f) 
magnified views of motion-indication arrows; (g, h) global map display; (i, j) real-time 2D video display; (k, l) collision-warning visualization.

Figs. 7(i) and (j) show the real-time 2D video display integrated into the ECT-VR interface. Operators can obtain local 
environmental feedback from the robot’s working area through the video stream while maintaining global position awareness 
through the reconstructed 3D map. This hybrid 3D+2D display mode supports both global scene understanding and local 
dynamic observation, thereby providing the operator with complementary spatial and real-time information in complex 
agricultural scenarios.

In the collision-warning module, the system uses depth information to identify objects within the predefined safety 
threshold and maps the corresponding warning regions onto the RGB display. As shown in Figs. 7(k) and (l), potential risk 
areas are highlighted in red to improve the operator’s recognition of nearby obstacles. Through this stereoscopic information-
display design, risk-related cues are presented directly in the operator interface, which can assist operators in environmental 
monitoring and risk judgment during teleoperation.

The hybrid 3D+2D representation also changes the way environmental information is delivered to the operator. The 3D 
map supports global comprehension of the scene, including terrain layout, relative robot position, and possible route choices, 
while the 2D RGB-D video provides time-sensitive local information from the robot’s working area. The pose-synchronized 
virtual robot and motion-command indicators further connect the operator’s control intention with the robot’s physical state. 
Therefore, the interface is intended to support not only visual immersion but also operator situational awareness and decision 
preparation during agricultural teleoperation.

During teleoperation, the runtime behavior of the ECT-VR interface was recorded to support the description of operation-
time feedback. The robot-side RGB-D camera was configured at 1280 × 720 pixels and 30 FPS, and the Pico 4 headset was 
operated at 72 Hz through a USB 3.2 Gen 2 wired streaming link. The Unity server was equipped with an Intel i9-14900KF 
CPU, an NVIDIA RTX 3090 GPU, and 128 GB RAM, while robot–server communication was implemented using the 
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WebSocket protocol. Based on timestamp logs recorded at ROS transmission, Unity reception, and Unity display update, the 
WebSocket transmission latency was (15.3 ± 6.0) ms, and the ROS-to-Unity interface display latency was (25.5 ± 5.2) ms. 
The 2D RGB-D stream was therefore used as an operation-time feedback stream, whereas the UAV-based 3D map was 
generated outside the real-time control loop and updated periodically or when substantial field-structure changes occurred.

3.4 System validation

To further evaluate the practical feasibility and user-centered experience of the proposed system, a user-centered validation 
was conducted at experimental site 4. This site was selected because it contained representative field terrain, route-selection 
requirements, and ditch-like risk areas, making it suitable for evaluating spatial observation, risk perception, and robot-control 
assistance during agricultural teleoperation. The system-validation scenarios and representative route-selection cases are 
shown in Fig. 8. In Fig. 8(c), the dot denotes the start point and the star denotes the target point. Figs. 8(d)–(f) show 
representative suboptimal routes observed during the user experiment, including an incorrect route and excessively long routes.

Fig. 8. System-validation scenarios: (a) normal operation; (b) ditch encounter; (c) planned route; (d) incorrect route; (e, f) excessively long routes; 
(g) operator control; (h) detailed view of the start–target region.

A total of 20 participants were recruited from Nanjing Agricultural University and the surrounding student population. All 
participants had normal or corrected-to-normal vision, and their ages ranged from 19 to 24 years. Fourteen participants 
reported prior experience with VR devices, nine had experience with robot teleoperation or game-controller-based control, 
and five had agricultural fieldwork familiarity. All participants were informed of the experimental procedure before the test, 
provided written consent, and participated voluntarily. The participants were required to control an all-terrain vehicle from 
the position marked by a circle to the position marked by a star in Fig. 8. In addition to using the ECT-VR interface, 
participants were exposed to a conventional video-streaming teleoperation mode on the same start–target task so that they 
could provide a perceived comparison between the two interaction modes. Since this study focused on initial user-centered 
validation, the questionnaire results are interpreted as perceived usefulness and interface-support evidence rather than as a 
task-level statistical comparison. Subsequently, a structured questionnaire was used to evaluate the main user-centered aspects 
of the ECT-VR system, including comfort, immersion, map fidelity, risk perception, virtual-scene exploration, perceived 
operational support, interface comprehensibility, global positioning, collision-warning visualization, and motion-command 
indication. The questions were as follows:

(1) Did you experience any discomfort during or after the VR experience?
(2) How strongly did you feel the “presence” and the sense of reality of events in the VR scenario?
(3) How similar were the colors and textures of the virtual map to the real scene?
(4) Did you notice any potential risks while using the system?
(5) Was the function of virtually entering the experimental scenario and moving freely useful for your operations?
(6) Was operating the robot through the virtual interface more effective compared with the traditional video-streaming 

interface?
(7) Do you think this system can save time during training, simulation, and control processes?
(8) Were the mini-map and 2D displays in the system easy to understand?
(9) Could the top-down map quickly locate the robot’s position in the global environment?
(10) Was the collision-warning function natural and non-intrusive?
(11) Did the directional arrows clearly indicate the machine’s motion state?
Responses were provided on a five-point Likert scale: very dissatisfied (1 point), dissatisfied (2 points), neutral (3 points), 

satisfied (4 points), and very satisfied (5 points). Although Item 1 was a discomfort-related item, it is reported as a comfort-
related evaluation in the statistical summary, so that the scoring direction is consistent with those of the other items; therefore, 
a higher score indicates lower perceived discomfort and better comfort during and after VR use. The mean score, standard 
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deviation, and proportion of positive responses (scores ≥ 4.00) were calculated for each item to quantify the participants’ 
evaluations. Table 3 presents the statistical results of the responses to each question.

Table 3 
User-centered evaluation results of the ECT-VR system.

Item Very satisfied (5 
points)

Satisfied (4 
points)

Neutral
(3 
points)

Dissatisfied (2 
points)

Very dissatisfied (1 
point)

Mean 
score

Standard 
deviation

Proportion of scores 
≥ 4

(1)
13 3 4 0 0 4.45 0.82

80.0%

(2)
15 2 3 0 0 4.60 0.75

85.0%

(3)
14 3 3 0 0 4.55 0.75

85.0%

(4)
16 3 1 0 0 4.75 0.55

95.0%

(5)
18 2 0 0 0 4.90 0.31

100.0%

(6)
17 3 0 0 0 4.85 0.37

100.0%

(7)
20 0 0 0 0 5.00 0.00

100.0%

(8)
16 4 0 0 0 4.80 0.41

100.0%

(9)
18 2 0 0 0 4.90 0.31

100.0%

(10)
14 6 0 0 0 4.70 0.47

100.0%

(11)
16 4 0 0 0 4.80 0.41

100.0%

The questionnaire results indicate that the proposed ECT-VR system was positively evaluated by most participants. Across 
the 11 evaluation items, the overall mean score was 4.75, and the average proportion of positive responses (scores ≥ 4.00) 
reached 95.0%. Among all items, one item achieved a mean score of 5.00, and eight items achieved mean scores of ≥ 4.70. 
These results suggest that the system provided a favorable user experience in terms of immersion, functional practicality, 
interface comprehensibility, and perceived safety support.

The items related to virtual-scene exploration, perceived operational support relative to conventional video-streaming 
operation, and perceived time saving in training, simulation, and control obtained mean scores of 4.90, 4.85, and 5.00, 
respectively. These results indicate that participants perceived the VR-based interface and the hybrid 3D+2D information 
display as useful for supporting spatial understanding, route planning, and operation preparation. In addition, the items related 
to risk perception, global positioning, collision-warning visualization, and motion-command indication achieved mean scores 
of 4.75, 4.90, 4.70, and 4.80, respectively, indicating that the integrated assistance functions were generally considered clear, 
intuitive, and non-intrusive.

From the perspective of agricultural human–robot interaction, these results provide preliminary user-centered evidence that 
the hybrid representation was perceived as useful for supporting operator situational awareness and human-in-the-loop 
decision-making. The reconstructed 3D map helped participants understand the global spatial relationships between the 
starting point, target point, terrain, and potential risk areas, while the real-time 2D video, global positioning display, collision-
warning visualization, and motion-command indicators supported local observation and control-state interpretation. During 
the experiment, operators could observe the reconstructed static scene from multiple viewpoints before controlling the 
machine. In several cases, this pre-observation process helped them avoid drainage ditches or correct inappropriate routes, 
which aligns with the high scores for virtual-scene exploration, global positioning, and collision-warning visualization.

It should be noted that pre-observation introduces an additional preparation-time cost before active robot control. Therefore, 
its benefit should be interpreted as a trade-off between initial observation time and the reduction of operational uncertainty, 
route correction, and potential error-recovery actions. The proposed pre-observation function is expected to be most beneficial 
in unfamiliar, obstacle-rich, or risk-prone agricultural tasks, such as operations involving drainage ditches, narrow traversable 
regions, irregular terrain, occluded areas, or high penalties for incorrect maneuvers. In contrast, for simple open-field tasks 
with clear routes and few obstacles, the additional pre-observation time may not always yield a substantial efficiency 
advantage. Thus, the advantage of ECT-VR is expected to be more evident in complex teleoperation scenarios where improved 
spatial understanding and safer decision-making can compensate for the extra observation time.

The current validation mainly provides preliminary user-centered evidence of perceived usefulness, interface clarity, and 
decision-support potential. A few participants also experienced dizziness and visual fatigue during VR operation. In addition 
to headset-related factors, these symptoms may be associated with virtual-environment factors such as vergence-
accommodation conflict, visually induced motion sickness, and rendering or streaming latency. Future interface optimization 
will focus on reducing latency, smoothing viewpoint transitions, and improving stereo-depth presentation. In addition, 
obstacle-recognition and classification capabilities should be further enhanced. In future work, a counterbalanced within-
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subject comparison between ECT-VR and conventional video-streaming teleoperation will be introduced. Standardized task-
level indicators, such as task completion time, path efficiency or trajectory optimality, collision or near-collision events, 
operation errors, and operator workload metrics, will be recorded. Appropriate paired statistical tests will also be used to 
quantify performance differences under different teleoperation modes.

4. Conclusions

To address the issues of limited information acquisition, insufficient perception, and low operational efficiency in 
agricultural teleoperation, this study designed and implemented an enhanced teleoperation system called the ECT-VR. 
Through an integrated architecture of static 3D maps + dynamic 2D real-time video streams combined with VR immersive 
interaction, this system attempts to overcome the drawbacks of single-source data and the inability to display 3D information. 
It achieves large-scale scene modeling by periodically reconstructing static 3D maps via UAVs, and integrates real-time 2D 
video streams from depth cameras with real-time SLAM-based localization of the machine. This approach not only avoids 
the high computational load associated with real-time full-scene 3D reconstruction but also ensures timely feedback of local 
dynamic information.

ECT-VR integrates a 3D reconstruction and post-processing workflow adapted for agricultural outdoor scenes, leveraging 
COLMAP and Fast-MVSNet to acquire onsite depth data. A multi-stage refined post-processing pipeline has been designed 
that combines statistical filtering and geometric optimization to address challenges such as vegetation pseudo-reconstruction 
and terrain noise in agricultural environments, thereby providing a high-fidelity environmental foundation for VR interaction. 
The system employs decimation and texture mapping to reduce polygon complexity while preserving key terrain features and 
visual details of the reconstructed scene, improving the suitability of the model for Unity3D-based VR rendering. The VR 
interface enhances operators’ spatial perception and operational intuitiveness by streamlining the display of situational and 
control information through features such as stereoscopic visualization, global positioning indicators, and collision-warning 
visualization. This immersive display solution, incorporating Unity engine rendering technology, overcomes the information-
carrying limitations of traditional planar interfaces and offers operators a multidimensional information-interaction experience.

Field tests and user-centered evaluation indicate that ECT-VR can support environmental information visualization and 
robot motion control in the tested agricultural-related scenarios. User questionnaire data further indicate that the system’s 
immersive interface and 3D information presentation can assist operators during teleoperation. Moreover, participants 
reported that pre-scene observation helped reduce operational uncertainty and avoid inappropriate routes. Although this 
process increased the initial observation time, it may support operation preparation and contribute to operational efficiency in 
complex or risk-prone tasks by reducing operational uncertainty, route corrections, error-recovery actions, and potential safety 
risks.

However, this system still has certain limitations, such as the real-time updating of 3D maps in dynamic environments and 
the stability of sensor data under extreme weather conditions, which have not been fully resolved. Future work will further 
optimize static map iteration strategies and improve the applicability of ECT-VR in highly dynamic agricultural scenarios by 
incorporating dynamic object detection and local map-updating mechanisms. For example, RGB-D-based semantic detection 
or tracking could be used to identify moving machinery, personnel, and temporary obstacles in the robot’s working area. 
These dynamic elements could then be projected onto a short-term local occupancy map or displayed as an additional 
dynamic-risk layer in the VR interface. Periodic UAV-based map updates may also be introduced when large structural 
changes occur in the field environment, allowing the system to retain the global advantages of preconstructed 3D maps while 
improving its responsiveness to dynamic environmental changes.
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