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Autonomous agricultural systems need strong three-dimensional perception skills to carry 

out specific tasks such as selective crop intervention, weed detection, and avoidance of 

obstacles. Existing solutions are based on active depth sensing (LiDAR/radar) that provides 

accuracy at the cost of significant economic, operational, and environmental factors limiting 

its use in a variety of farming environments. As this article will show, passive camera-based 

depth perception can perform equally as well at a fraction of the cost in hardware, power, 

and environmental sensitivity. The fundamental novelty is the systematic combination of 

multi-view stereo geometry, learning-based refinement, and confidence-conscious 

orchestration into a software-based system that is optimized to work in agricultural settings. 

This identification of passive imaging as the main sensing modality, as opposed to 

supporting active sensors, allows the ongoing performance improvement via algorithmic 

improvement and retrofit integration to already existing machinery, where redesigning 

hardware is economically infeasible. Multicrop species validation over several growth cycles 

using camera-only systems has shown that these systems can be used to provide acceptable 

depth accuracy, high temporal stability in the presence of mechanical vibration, high crop 

detection accuracy, and long field operation with long deployment cycles. These 

performance attributes, together with the huge economic benefits, make camera-based 

depth perception a viable and scalable alternative to active depth sensing as a means of 

precision agriculture. 
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Multi-View Stereo Reconstruction, Software-Centric Perception Architecture, 

Agricultural Robotics Systems 
 

1. Introduction and Motivation 

1.1 Problem Background: Large-scale Autonomous Agricultural Systems 

The field of agricultural robotics has experienced a fast technology development, and autonomous 

systems are currently meeting a variety of operational needs, including crop phenotyping, selective 

spraying, and soil management in farming environments worldwide. Recent detailed evaluation 

suggests that perception systems are the technology bottleneck of the most significant barrier to large- 

scale adoption of autonomous platforms, with sensing infrastructure consuming 38% to 47% of the 

total system development cost [1]. In this sensor configuration, depth perception modalities represent 

the highest capital investment,which establishes an inherent hindrance to the adoption of autonomy 

affordability in small-to-mid farming businesses (68% - 72%) of the world as agricultural producers 

[1]. 

The existing industry methods are mainly based on active depth sensing systems, especially on Light 

Detection and Ranging (LiDAR) systems with radar configurations. These systems are most effective 

in giving the correct three-dimensional reconstruction of the scene, and the depth accuracy is 

normally 20-30 millimeters at the operational distance of 0.5-50 meters [2]. Nevertheless, this 

precision is associated with high practical limitations that limit implementation in economically 

heterogeneous agricultural industries. 

1.2 Disadvantages of Active Depth Sensing in Agriculture 

The biggest impediment to adoption is hardware cost. LiDAR devices of industrial quality that can be 

deployed to agricultural fields cost between 8,200 and 18,600 dollars based on the range of 
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measurements and the time resolution settings [2]. This cost bracket takes up 41.3% - 67.5% of the 

total capital expenditure on small-to-medium farming enterprises, with yearly equipment spending of 

$12,000 - $28,000, making autonomous technology cost-prohibitive to most farmers in the world [1]. 

Power-based LiDAR operation needs of sustained operation are 35-52 watts, which is significantly 

more than the power budgets of battery-operated field robots and introduces operation constraints 

that restrict both operational time and platform payload capacity [2]. 

The applicability of LiDAR in unstructured agricultural environments is further limited by 

environmental performance constraints. Extensive technical analysis of LiDAR sensor operation 

shows disastrous accuracy loss under agricultural dust situations. The error in depth measurement 

increases by up to 25 millimeters in clean air conditions to up to 89-156 millimeters when the 

concentration of dust particles rises to more than 400 micrograms per cubic meter, such as during 

harvesting and soil tillage practices [2]. These losses arise due to scattering of the laser signal by 

suspended particles, optical surface contamination, as well as calibration drift caused by temperature 

changes typical of prolonged field operation of 8-10 hours [2]. 

 

Figure 1: Operational Constraints: Active vs. Passive Depth Sensing [1,2,9] 

 
1.3 Proposed Alternative: Software-Centric Passive Sensing 

The study confirms that a passive camera-based depth perception system, when systematically 

designed with computational complexity comparable to active sensing systems, can perform 

operational performance metrics comparable to or better than active depth sensing strategies and can 

be retrofit into an existing machinery platform at a significantly lower hardware cost, power 

consumption, environmental sensitivity, and can be retrofit to existing machinery platforms [1]. 

The key architectural innovation is that passive imaging is placed in the central role as a sensing 

modality in place of the cameras being viewed as auxiliary systems that overcome the drawbacks of 

active sensors. Multi-view geometry, probabilistic reasoning, and learning-based refinement are 

mostly software-based and system intelligence, as opposed to hardware sensor complexity. This 

software-based positioning allows continuous performance improvement by algorithmic improvement 

without hardware platform redesign, unlike active sensor systems, where performance improvement 

needs 2-4 year hardware replacement cycles and $4,200 - $8,600 per platform investment [1]. 

 
2. Novel Contributions 

The following original contributions to the area of agricultural perception and autonomous robotics 
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are made in this work: 

2.1 Software-Based Multi-Camera Depth Architecture in an Unstructured Environment 

Systematic development of a five-camera, multi-view stereo system that is highly tuned to agricultural 

field conditions with a combination of repetitive texture, changing illumination, mechanical vibration, 

and crop deformability. The architecture provides 2.2 milliseconds of temporal synchronization in 

both distributed processing and inter-camera consistency at 45-60 frame rates, which is adequate for 

coherent depth reconstruction, and empirically, coplanar horizontal sensor positioning is superior to 

convergent layouts in field vibration conditions [1]. 

2.2 Adaptive Confidence Weighting and Signal Fusion Mechanisms 

Formalization of depth estimates credibility as a learned property of feature texture density, 

photometric consistency, and temporal coherence. Confidence-weighted aggregation schemes do not 

choose single deterministic values, but instead maintain a set of depth hypotheses with probability 

distributions, which yields higher usable depth density in visually sparse agricultural areas (51-56% 

better than naive stereo matching schemes). This selective method of automation is a compromise 

between computational efficiency and measurement reliability [1]. 

2.3 Learning-Based Refinement through Attention-Enhanced Neural Networks 

The addition of deep attention mechanisms to depth hypothesis disambiguation, in which the 

adaptive processing focuses on regions with consistent feature information and deemphasizes regions 

of visual ambiguity, shadow, or occlusion, typical of a dense canopy of crops are learned. Variance 

reduction in depth error of 46-51% in occlusiveness regions and boundary areas is attained by training 

on 14,800 agricultural image pairs across four growing seasons and five crop species [3, 4]. 

2.4 Field-Driven Validation Methodology: Focusing on Downstream Task Performance 

Development of full validation procedures with emphasis on operational effectiveness measures (crop 

identification accuracy, obstacle detection latency, sustained uptime) over abstract benchmark 

measures. Understanding that optical image properties in agricultural environments are heavy-tailed 

error distribution necessitates probabilistic error analysis models instead of traditional mean absolute 

error analysis [1]. 

 

Contribution Core Innovation Validation Evidence 

Software-Centric 

Architecture 

Five-camera multi-view stereo 

with 2.2ms temporal sync 

45-60 Hz real-time processing; coplanar 

configuration superior to convergent under 

field vibration 

Adaptive 

Confidence 

Weighting 

Multiple hypothesis retention 

with probability distributions 

51-56% improvement in usable depth 

density; 36-43% validity improvement in 

repetitive regions 

Attention- 

Enhanced 

Learning 

Deep networks for 

occluded/boundary area 

refinement 

46-51% variance reduction in error; 71-93ms 

inference latency on embedded hardware 

Field-Driven 

Validation 

Downstream task performance 

metrics vs. abstract 

benchmarks 

89.2% plant ID accuracy; 94.1% obstacle 

detection; 97.3% operational uptime 

Table 1: New Contributions and Evidence of Validation [1, 3, 4, 7, 8] 

 
3. Major Technical challenges resolved 

3.1 Limitations of Active Sensing and Advantages of Cameras 

The active to passive depth sensing transition involves a systematic knowledge of the performance 

trade-offs and operation constraints of each method. Although LiDAR systems provide impressive 

accuracy in the baseline in laboratory settings, field implementation in agricultural settings has shown 
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significant drawbacks that limit their use in reality. The central difference is not only in the accuracy 

of the measurements, but also in the overall system properties that dictate the viability of operation in 

the real world, total cost of ownership, and scalability in a variety of farming conditions [1, 2]. 

LiDAR systems are theoretically accurate in depth measurements of 20-30 millimeters under ideal 

conditions, which forms a performance limit that passive stereo systems can reach, but not always 

surpass. Nevertheless, this operational advantage is rendered operationally irrelevant when the 

reliability of the system, cost, and environmental resilience are weighed against the needs of the 

missions. Agricultural platforms are characterized by the conditions of constant mechanical vibration, 

dust suspension, temperature change, and multi-hour deployment cycles, which cause accumulated 

stress on active sensing elements, leading to calibration drift, optical surface contamination, and 

systematic performance degradation [2]. 

 

Characteristic LiDAR Systems Camera-Based (Proposed) 

Hardware Cost $8,200 - $18,600 
$1,680 (BOM); $2,100 - $3,800 

(system) 

Power Consumption 35 - 52 watts 14.2 watts 

Environmental Sensitivity High (dust, vibration) Low (passive, mechanical simplicity) 

Dust Performance 

Degradation 

89 - 156mm error @ 400 

μg/m³ 
Minimal (adaptive exposure) 

Development Cycle 

(improvement) 
24 - 48 months (hardware) Continuous (software) 

Integration Flexibility Fixed mounting Retrofit-compatible 

Measurement Accuracy 

(baseline) 
20mm - 30mm 48mm - 82mm (field) 

Scalability Path Hardware replacement Algorithmic refinement 

Table 2: Comparative Properties: Active Sensing and Camera-Based Perception [1, 2, 9]. 

 
The relative analysis in Table 1 shows fundamental information about system selection criteria to be 

implemented in agriculture. Baseline measurement accuracy, though not the least, is second only to 

operational reliability, cost accessibility, and the potential of continuous improvement as compared to 

the economic limits of small-to-medium farming operations [1]. When the overall mission 

requirements are considered, a LiDAR system with 25-millimeter accuracy for $16,800 and power 

consumption of 48 watts becomes operationally inferior to a camera system with 52-millimeter 

accuracy for $2,800 and power consumption of 14.2 watts. 

The economic aspect is the determinant of the scale of deployment. Capital cost difference of 14,000 

per platform is the yearly equipment expenditure on 60 percent of worldwide farming operations, 

which practically makes LiDAR-based autonomy cost-prohibitive in most fields of agriculture. In 

contrast, camera-based perception at a cost of $2,100 - $3,800 systems costs only 8-12 percent of the 

common small-operation capital budgets, allowing the adoption of autonomy in economically diverse 

settings where active investment in sensing was previously not possible [1]. 

The benefits of using camera systems in power consumption are especially useful in battery-powered 

systems with weight and energy limits. The 2.5-3.4 fold power advantage (14.2 watts vs. 35-52 watts) 

can be expressed as a longer mission time, less battery capacity needed, or even no longer needed 

power management infrastructure. In the case of autonomous platforms that have 8-10 hour 

operational time with multiple daily shifts, this power difference dictates the viability of long 

operation without charging in between [1]. 

The two approaches are fundamentally different in terms of development cycle and scalability of 

improvement. LiDAR systems that are hardware-dependent have a development cycle that takes 24 - 

48 months to achieve a significant performance improvement, and hardware upgrades cost between 

http://www.jisem-journal.com/


Journal of Information Systems Engineering and Management 
2026, 11 (2s) 

e-ISSN: 2468-4376 

https://www.jisem-journal.com/ Research Article 

246 Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

 

4,200 and 8,600 dollars per platform. Camera systems that are software-centric allow the ongoing 

enhancement of algorithms and the implementation of improved feature descriptors, which have 

shown a 6.4% higher matching success and a 8.1% overall system accuracy improvement due to 

software changes, without platform redesign or capital redeployment [1]. 

3.2 Agricultural Environment Problems and Contrived Solutions 

Perception problems in agricultural field environments are significantly greater than those found in a 

structured urban environment or in controlled laboratory conditions. These difficulties are due to the 

nature of natural ecosystems, stresses on machinery operation, and seasonal factors limiting sensor 

performance and making it difficult to design perception algorithms. Instead of viewing these issues 

as unresolvable limitations, the suggested framework methodically copes with all of them by making 

purposeful architectural and algorithmic design decisions in the context of agricultural operational 

realities. 

 

Challenge Characteristic Solution Approach 

Illumination Variability 320-98,000 lux range Adaptive exposure (1.2-38 ms) 

Texture Repetition 48-240mm periodicity Confidence-weighted aggregation 

Mechanical Vibration 6.2-14.8 Hz, 2.1-3.4g Motion-aware descriptors, Kalman filtering 

Crop Deformability 32-47 mm/week growth 
Non-rigid depth models, deformation 

probability 

Dust in the Air Harvest conditions Passive sensing, no optical interference 

Table 3: Agricultural Environment Problems and Solutions [1, 2, 5, 6]. 

 
3.2.1 Illumination Variability Challenge 

Agricultural fields have a range of illumination between 320 lux at dawn and 98,000 lux at solar 

zenith under clear skies, which is a range of 306 times in the range of single operational shifts. Such 

extreme variability is beyond what fixed-exposure imaging systems can achieve in ensuring consistent 

feature visibility under varying lighting conditions. This is done in the proposed framework by 

adaptive exposure control, which keeps the image mean intensity in the target range of 95-115 digital 

levels and closed-loop adjustment rates of 2-4 frames per adaptation cycle. The range of exposure 

time alteration is 1.2 milliseconds at high illumination to 38 milliseconds at low illumination, with a 

gain adjustment between 0 dB and 24 dB. This adaptive approach maintains feature detectability 

throughout the entire illumination range that is experienced in field applications, and maintains the 

same levels of descriptor matching performance as at optimum operation, despite 306-fold 

illumination range changes, which is much greater than the performance of fixed-exposure methods, 

which generally deteriorates 28-36% at the same extremes [1]. 

3.2.2 Repetition of Texture and Characteristic Ambiguity of Features 

Crop canopy structures have typical repetitive patterns that form correspondence ambiguities in 

stereo matching. The analysis of texture features has shown that agricultural fields have spatial 

periodicities of 48-240 millimeters, which are mostly dominant due to inter-plant spacing, patterns of 

leaf arrangement, and canopy structure based on crop species and developmental stage. These 

repeating patterns make standard uniqueness-constraint stereo matching to generate false depth 

assignments in 14-21% of canopy pixels, in which there are multiple candidate correspondences that 

all meet photometric consistency constraints equally well. The confidence-weighted aggregation 

method suggested does not require the choice of single deterministic values but a set of depth 

hypotheses with corresponding probability distributions. Temporal filtering and task-specific 

processing are selectively applied among hypotheses on the basis of contextual information and 

improve depth validity in repetitive areas by 36-43% over conventional methods and false obstacle 

detection rates by 11-18% [1]. 
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3.2.3 Mechanical Vibration and Motion Blur 

The operation of agricultural machinery is associated with continuous mechanical vibration with 

primary frequencies of 6.2-14.8 Hz and acceleration magnitudes of 2.1-3.4 units of gravity, which is 

significantly higher than vibration profiles in a typical mobile robotics system. This vibration causes 

feature displacement of 2.1- 4.8 pixels per individual frame at camera exposure durations of 3.8 

milliseconds, and impairs feature descriptors' distinctiveness by 19-27% compared to motion-free 

baselines and halves matching success rates even with the most common vibration levels. Motion- 

aware feature descriptors using directional encoding, which enhances matching performance by 8- 

14% with motion blur, are used as part of mitigation measures, along with iterative multi-frame 

matching over 5-7 temporal windows in which the blur patterns have lower correlation. The results of 

Kalman filtering sequential depth estimates show a reduction in frame-to-frame jitter by 52-78 

millimeters down to 31-38 millimeters with stability improvements of 1.6-2.1 fold and temporal 

latency contributions less than 13 milliseconds, which can be used in real-time obstacle avoidance [1]. 

3.2.4 Crop Deformability and Non-Rigid Geometry 

In contrast to rigid structures, in the case of urban autonomy, crops have high deformation rates to 

environmental loading and mechanical contact. Wind loading (5-25 kilopascals in the typical field 

conditions) results in geometric distortions of 35-65 millimeters, changing apparent depth by 28-48 

millimeters compared to geometry when undeflected by the wind. More significantly, the growth rates 

of crops in active stages of development are 32-47 millimeters per week, which means that the depth 

baseline assumptions of the operation of a single day are significantly violated in 7-14 days of further 

operation. The framework uses non-rigid depth models to estimate the likelihood of deformation 

using spatial smoothness violations and temporal depth variations that are greater than the expected 

range of motion. Pixels that are found to be probable deformable (probability of deformation of more 

than 0.65) are weighted less in the downstream processing, so that the misplaced depths do not 

corrupt the downstream navigation and task execution. It is proven that deformation-conscious 

processing decreases false obstacle detection by 43-49 and the accuracy reduction in fixed areas is 

minimal [1]. 

3.2.5 Dust Suspension and Passive Sensing Benefit 

Harvest operations and soil tillage activities put suspended dust with concentrations of particles up to 

400 micrograms per cubic meter, which is significantly higher than clean atmospheric limits. LiDAR 

systems have been shown to exhibit catastrophic loss of accuracy with depth, with the error in depth 

measurement growing as high as 89-156 millimeters, or 3.6-6.2 folding performance loss. The primary 

advantage of passive camera systems is their mechanical simplicity and lack of active optical signal 

production, which makes passive systems insensitive to laser scattering and optical surface 

contamination that afflict active sensing systems. Although dust causes the density of visible features 

and the effective range of measurement to decrease, image-based systems retain functional capability 

in dusty environments where active sensors have completely stopped, giving operational resilience 

that is essential during harvest season autonomy when autonomous weed management and selective 

harvesting operations are most useful [2]. 

 
4. Empirical Performance validation 

Field validation was done in 12 site-seasons of three crop species and four growing cycles with 847 

calibration sequences of ground truth measurement at 120-180 discrete spatial locations per 

sequence. Validation used differential GNSS-RTK positioning of +-32 millimeter vertical accuracy, 

and mechanical depth probing at geometrically varied locations [7]. 

4.1 Quantitative Depth Accuracy 

Mean absolute depth error of 52.3 millimeters occurred at the range of operation of 1.2-4.8 meters, 

with root mean square error of 67.1 millimeters. Relative error decreased between 4.2 % at 0.8 meter 

range and 1.8 % at 4.2 meter range, to the theoretical stereo matching limits of the baseline 

configuration used. The temporal depth stability (frame-to-frame jitter) was 41.2 millimeters with 
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pre-filtering and 28.7 millimeters with post-temporal filtering, which is repeatable to the accuracy of 

+-50 millimeter plant localization requirements [7]. 

4.2 Downstream Task Performance 

The accuracy of plant identification (crop vs. non-crop classification) was 89.2% in 4,247 single plants 

located at 8 field sites [7]. Sensitivity in obstacle detection was 94.1% with a false-positive rate of 6.8% 

on 2,163 natural and artificial obstacles [8]. The average obstacle detection latency was 127 

milliseconds with a 95th percentile value of 184 milliseconds, which allowed reactive collision 

avoidance at platform speeds of over 2.1 meters per second [8]. 

4.3 Operational Reliability 

13 consecutive field operation deployments of 8.2-10.8 hours resulted in a system uptime of 97.3%, 

while the system uptime was in excess of 98.3% in 14 independent deployments. Comparison of 

LiDAR systems under the same field conditions indicated that LiDAR uptime was 93.2%, which is 4.1 

percentage points higher than that of camera-based systems. This reliability in operation is realized by 

the fact that passive sensing architecture eliminates the optical surface contamination vulnerability 

and sophisticated calibration drift mechanisms present in active sensing systems [8]. 

 

Performance Metric Result Operational Significance 

Mean Absolute Depth 

Error 
52.3mm @ 1.2-4.8m range 

Exceeds requirements for plant-level 

task execution 

Temporal Depth Jitter 

(post-filtering) 
28.7mm standard deviation 

Supports ±50mm plant localization 

accuracy 

Plant Identification 

Accuracy 
89.2% across 4,247 plants 

Reliable crop-weed discrimination for 

selective spraying 

Obstacle Detection 

Sensitivity 

94.1% with 6.8% false- 

positive rate 

Safe autonomous navigation at 2.1 

m/s platform speed 

Detection Latency 
127ms average, 184ms 95th 

percentile 

Enables reactive collision avoidance 

response 

Sustained Field Uptime 
97.3% across 240+ hour 

deployments 

Superior to the LiDAR baseline of 

93.2% 

Table 4: Performance Metrics and Results of the validation [7, 8]. 

 
5. Economic and Scalability Implications 

5.1 Cost Analysis and Accessibility 

The economic benefit of camera-based perception is proven by the manufacturing cost analysis of 

production volumes between 100 and 10,000 units yearly. At 1,000-unit volume production, the Bill- 

of-materials cost of the five-camera system amounted to $1,680, compared to the same LiDAR system 

costs of $8,400 to $16,800, which is a 5.0-10.0 fold cost premium of active sensing [9]. The cost of 

system-level integration is more favorable to cameras at $340 - $620 over LiDAR at $1200 - $2100, a 

78-81 percent reduction in integration costs [9]. 

Camera-based perception systems add $2,100 - $3,800 to the total platform cost (8.2-12.1 percent of 

capital budget), and LiDAR integration costs $11,600 - $18,900 (41.3-67.5 percent of capital budget) 

to small-to-median operations with annual capital budgets of $12,000 - $28,000 [1, 9]. This 

difference in cost makes accessibility significantly more accessible in economically varied farming 

operations and makes autonomous technology viable to most of the global producers whose active 

sensing methods are still economically out of reach. 

5.2 Continuous Improvement that is Software-Driven 

The key benefit of camera-based systems is that they may be continuously enhanced by refining 

algorithms instead of redesigning hardware. Using better feature descriptors with orientation- 
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sensitive channels and adaptive weighting raised matching success by 6.4 percentage points using 

software alone, which essentially raised system accuracy by 8.1% (depth error reduced by 52.3 to 48.1 

millimeters) [1]. This is an improvement pathway in contrast to active sensor methods, in which the 

performance improvement involves a hardware replacement cycle that costs $4,200 - $8,600 per 

platform upgrade. 

5.3 Retrofit Integration and Deployment Feasibility 

Modular integration architecture allows retrofit installation on existing machinery platforms. The 

prototype integration onto mid-size field sprayers took 4-6 engineering hours and $1,200 to $1600 in 

component mounting hardware, versus 12-18 hours and $3800 - $5200 in LiDAR retrofit integration 

[10]. This performance of integration speed adopts the technology in in-use equipment fleet, which is 

estimated to be 18-24 million platforms worldwide, and autonomous capability can be deployed at a 

significantly lower total system cost than in ‘ab initio’ platform design with implemented autonomy 

[10]. 

 
6. Discussion: Implications for Agricultural Autonomy 

This study shows that the development of computational vision, multi-camera geometry, and software 

optimization opens up a significant performance potential of passive sensing systems, dispelling the 

belief that active depth sensors are necessary to ensure successful agricultural autonomy. The 

suggested framework demonstrates the feasibility of camera-based perception in practice as a viable 

scale-up option that allows the deployment of camera-based perception at a reasonable cost in a 

variety of farming scenarios. 

The described architectural principles, including software-centric design, adaptive confidence 

weighting, continuous learning in field conditions, and downstream task-centric validation, apply 

widely to the off-road autonomy, construction robotics, and industrial automation fields, where cost, 

robustness, and scalability are of primary concern. 

 
Conclusion 

The article exhibited a paradigm shift- active sensing was hardware-dependent, while passive imaging 

was software-intelligent. Technical contributions presented in this work were multi-camera 

synchronization, adaptive confidence weighting, and learning-based refinement mechanisms that 

overcame agricultural perception challenges such as repetitive crop textures, mechanical vibration, 

and fluctuating illumination. Performance verification showed that camera-only systems provided 

depth accuracy suitable for plant-level tasks, time stability to support obstacle avoidance, crop 

recognition accuracy, and uptime that outperformed LiDAR solutions in field stress environments 

such as dust, vibration, and light extremes. The economic side determined that camera-based 

perception lowered the cost of hardware significantly, allowing access to smallhold and small-to- 

medium operations that are the global majority. The software-centric architecture enabled continuous 

algorithmic enhancement without a hardware replacement cycle, and it accelerated deployment across 

existing equipment platforms around the world. These architectural principles, such as confidence- 

aware automation and human-in-the-loop governance, could potentially be used in other areas of 

perception that are critical to compliance, such as off-road autonomy and construction robotics, in the 

future. The depth perception of the camera will become a significantly better method, and the 

technical basis of the next-generation autonomous agriculture will be set, making it available to the 

global farming communities. 
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