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Abstract 
Agricultural robotics faces critical challenges in achieving energy-efficient, real-time 
intelligent operation under resource-constrained field conditions, where conventional 
computing paradigms struggle with power consumption, latency, and adaptability to 
dynamic environments. Neuromorphic computing, inspired by the brain's spike-based 
information processing and massively parallel architecture, offers transformative 
potential for autonomous agricultural systems by enabling ultra-low-power 
perception, adaptive learning, and responsive control. This review examines the 
integration of neuromorphic technologies—including spiking neural networks, event-
based sensors, and specialized hardware platforms—into agri-robotic applications. We 
systematically analyze neuromorphic architectures for real-time crop monitoring, 
precision weed management, autonomous navigation, and robotic harvesting, 
highlighting their advantages in energy efficiency, temporal precision, and edge 
intelligence. Key neuromorphic platforms such as Intel Loihi, IBM TrueNorth, and 
SpiNNaker are evaluated for agricultural deployment, alongside event-driven 
algorithms for visual perception, sensor fusion, and motor control. Despite promising 
demonstrations, challenges remain in hardware-software co-design, scalability, 
programmability, and commercialization. This article provides a comprehensive 
perspective on how neuromorphic computing can revolutionize sustainable agriculture 
through intelligent, energy-aware robotic systems, and identifies critical research 
directions for translating brain-inspired computation from laboratory prototypes to 
practical field implementations in precision farming ecosystems. 
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Introduction 

Modern agriculture confronts unprecedented demands for sustainable intensification, requiring intelligent automation to 

optimize crop yields while minimizing environmental impact and resource consumption  [1, 2]. Agricultural robotics has emerged 

as a cornerstone technology for precision farming, enabling autonomous monitoring, targeted intervention, and adaptive 

management across diverse field conditions [3]. However, conventional robotic systems rely on energy-intensive computing 

architectures that limit operational duration, increase cost, and constrain deployment in remote agricultural environments lacking 

reliable power infrastructure [4, 5]. 

Neuromorphic computing represents a paradigm shift toward brain-inspired information processing, fundamentally reimagining 

computation through event-driven spiking neural networks (SNNs) and asynchronous parallel architectures [6, 7]. Unlike 

traditional von Neumann systems that operate on clock-driven synchronous cycles, neuromorphic platforms process information 

only when events occur, dramatically reducing power consumption while maintaining real-time responsiveness [8]. This event-

driven paradigm aligns naturally with agricultural robotics requirements: sparse sensory information, temporal dynamics, 
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adaptive behavior, and severe energy constraints [9, 10]. 

The integration of neuromorphic computing into agri-

robotics promises transformative advances in perception, 

decision-making, and control. Event-based cameras and 

neuromorphic sensors capture visual information as 

asynchronous streams of brightness changes rather than 

frame-based images, enabling microsecond temporal 

resolution with minimal data redundancy [11, 12]. Spiking 

neural networks process these sparse event streams using 

biologically plausible learning rules, achieving energy 

efficiency orders of magnitude superior to deep learning on 

GPUs [13, 14]. This review systematically examines 

neuromorphic architectures, algorithms, and applications 

specifically designed for agricultural robotics, emphasizing 

energy-efficient intelligence for sustainable field operations. 

 

Neuromorphic Computing Paradigms 

Spiking Neural Networks 

Spiking neural networks constitute the computational 

foundation of neuromorphic systems, encoding information 

in the precise timing of discrete spike events rather than 

continuous activation values [15]. SNNs incorporate temporal 

dynamics through differential equations governing 

membrane potential, enabling natural processing of time-

varying sensory inputs characteristic of agricultural 

environments [16]. Learning in SNNs exploits spike-timing-

dependent plasticity (STDP), a biologically inspired 

mechanism where synaptic weights strengthen or weaken 

based on relative spike timing between pre- and post-synaptic 

neurons [17]. This local learning rule enables online adaptation 

without backpropagation, facilitating autonomous learning in 

field-deployed robots [18]. 

 

Event-Based Sensing and Processing 

Event-based sensors revolutionize perception for agricultural 

robotics by asynchronously detecting changes in 

environmental stimuli with microsecond resolution and high 

dynamic range [19]. Dynamic vision sensors (DVS) generate 

spike events when individual pixels detect brightness changes 

exceeding a threshold, producing sparse data streams ideal 

for neuromorphic processing [20]. Unlike frame-based 

cameras that capture redundant information at fixed rates, 

DVS cameras report only motion and texture edges, reducing 

data bandwidth by 90-99% while eliminating motion blur [21]. 

This efficiency proves critical for agri-robots operating in 

variable lighting conditions, from bright sunlight to shaded 

canopies [22]. 

 

Neuromorphic Hardware Platforms 

Contemporary neuromorphic processors implement SNNs in 

specialized silicon architectures optimized for event-driven 

computation. Intel's Loihi chip integrates 128 neuromorphic 

cores supporting 130,000 neurons and 130 million synapses, 

achieving on-chip learning through configurable learning 

rules including STDP [23]. IBM's TrueNorth comprises 4,096 

neurosynaptic cores with 1 million neurons operating at 70 

milliwatts, demonstrating real-time object recognition at 

exceptional power efficiency [24]. SpiNNaker employs ARM 

processors configured as neural simulators, enabling flexible 

large-scale SNN deployment with 18 cores per chip [25]. These 

platforms provide the hardware substrate for deploying 

neuromorphic intelligence in agricultural robotics. 

 

Neuromorphic Architectures for Agri-Robotics 

Perception and Sensor Fusion 

Neuromorphic perception systems for agricultural 

applications leverage event-based vision for crop monitoring, 

pest detection, and phenotyping tasks requiring temporal 

precision and energy efficiency [26]. SNNs trained on event 

streams from DVS cameras achieve real-time detection of 

plant features, fruit ripeness, and disease symptoms with 

power consumption under 100 milliwatts [27]. Multi-modal 

sensor fusion combines event cameras with neuromorphic 

auditory sensors and tactile arrays, enabling robust 

perception despite occlusions, varying illumination, and 

environmental noise common in field conditions [28]. Spatial-

temporal convolution in SNNs extracts motion patterns 

critical for identifying wind-induced plant movement versus 

pest activity or mechanical damage [29]. 

 

Learning and Adaptation at the Edge 

On-board neuromorphic learning enables agri-robots to adapt 

continuously to field variability without cloud connectivity or 

extensive retraining. Unsupervised STDP-based learning 

discovers statistical regularities in crop canopy structure, 

automatically adjusting detection thresholds for different 

growth stages and cultivars [30]. Reinforcement learning 

implemented through dopamine-modulated STDP allows 

autonomous navigation systems to optimize path planning 

based on terrain characteristics, obstacle avoidance success, 

and energy efficiency metrics [31]. Edge intelligence through 

neuromorphic processors eliminates latency associated with 

remote computation, critical for time-sensitive interventions 

like precision spraying [32]. 

 

Control and Decision-Making Systems 

Neuromorphic controllers implement reactive and adaptive 

behaviors through recurrent SNN dynamics coupled to 

robotic actuators. Central pattern generators—rhythmic 

neural circuits inspired by biological locomotion—

coordinate legged robot gaits for navigation across uneven 

agricultural terrain with minimal computational overhead [33]. 

Neuromorphic motor control achieves smooth trajectory 

tracking for robotic arms during harvesting operations while 

compensating for plant motion and mechanical compliance 

[34]. Decision-making architectures based on attractor 

dynamics in recurrent SNNs enable rapid task switching 

between monitoring, intervention, and navigation modes 

based on contextual sensory inputs [35]. 

 

Energy-Efficient Intelligence in Agricultural 

Environments 

Power-Aware Computation 

Neuromorphic computing's energy efficiency derives from 

sparse event-driven operation and local memory-

computation co-location, eliminating the von Neumann 

bottleneck [36]. Agricultural robots equipped with 

neuromorphic processors demonstrate operational lifetimes 

extended by 5-10× compared to conventional GPU-based 

systems performing equivalent perception tasks [37]. Power 

consumption scales with activity: a neuromorphic vision 

system processing sparse events from a crop field consumes 

10-100 milliwatts versus 5-15 watts for traditional frame-

based processing [38]. This efficiency proves essential for 

solar-powered autonomous platforms operating continuously  
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in remote fields. 

 

Real-Time Processing Under Field Constraints 

The asynchronous nature of neuromorphic computation 

provides inherent real-time capabilities without explicit 

scheduling or time-slicing. Event-based processing latencies 

remain below 1 millisecond from sensor input to motor 

output, enabling rapid reflex-like responses critical for high-

speed precision agriculture tasks [39]. Neuromorphic systems 

maintain consistent latency regardless of scene complexity—

unlike frame-based systems where processing time scales 

with image resolution and object count—ensuring 

predictable behavior during dense crop canopies or clustered 

fruit detection [40]. This temporal determinism supports safe 

autonomous operation in dynamic agricultural environments. 

Robustness to Noise and Environmental Variability 

SNNs exhibit intrinsic noise tolerance through stochastic 

spike generation and population coding, where information 

distributes across multiple neurons rather than single 

activation values [41]. This redundancy provides resilience 

against sensor degradation from dust, moisture, and 

mechanical vibration common in agricultural settings [42]. 

Event-based sensors' high dynamic range (>120 dB) enables 

simultaneous perception of shadowed plant details and sun-

exposed soil without saturation, eliminating the exposure 

adjustment challenges of traditional cameras [43]. 

Neuromorphic learning rules naturally handle non-stationary 

distributions as crops grow, weather changes, and field 

conditions evolve throughout seasons [44]. 

 

Table 1: Neuromorphic Computing Platforms and Hardware Architectures Used in Agri-Robotics 
 

Platform Architecture Neurons/Synapses 
Power 

Consumption 
Key Features for Agriculture Deployment Status 

Intel Loihi 2 128 cores, asynchronous 
1M neurons, 120M 

synapses 
30-300 mW 

On-chip learning, programmable 

plasticity 
Research prototypes 

IBM 

TrueNorth 

4096 neurosynaptic 

cores 

1M neurons, 256M 

synapses 
70 mW 

Ultra-low power, real-time 

vision 

Laboratory 

validation 

SpiNNaker 2 
ARM-based neural 

simulation 
Scalable to billions 1 W per board 

Flexible SNN models, sensor 

interfacing 
Field trials 

Brainchip 

Akida 

Event-based neural 

processor 
Configurable 100-200 mW Edge AI, incremental learning 

Commercial 

development 

DYNAPs 
Mixed-signal 

neuromorphic 
1K neurons per core <10 mW Compact, sensor integration Prototype sensors 

 

Table 2: Neuromorphic Algorithms and Learning Paradigms for Perception and Control in Agricultural Robots 
 

Algorithm Category Neuromorphic Implementation Agricultural Application Learning Paradigm Performance Metrics 

Object detection 
Convolutional SNNs on event 

streams 

Fruit detection, weed 

recognition 

Supervised conversion, 

STDP 

85-95% accuracy, <50 

mW 

Temporal pattern 

recognition 

Recurrent SNNs with short-term 

plasticity 

Pest movement, wind 

detection 
Unsupervised STDP 10 μs resolution 

Navigation and SLAM 
Population coding, attractor 

networks 
Autonomous field traversal Reinforcement learning Energy savings 8× 

Sensor fusion Multi-modal spike integration Vision-tactile harvesting Hebbian learning Robustness +40% 

Motor control Central pattern generators Robotic arm trajectory Reward-modulated STDP Latency <1 ms 

 

Applications in Agri-Robotics 

Crop Monitoring and Phenotyping 

Neuromorphic vision systems enable continuous crop 

monitoring with minimal energy expenditure, addressing the 

battery limitations of traditional monitoring robots [45]. Event-

based cameras mounted on mobile platforms detect subtle 

leaf movements indicating water stress hours before visible 

wilting, triggering targeted irrigation interventions [46]. SNNs 

trained on temporal event patterns classify plant growth 

stages with 92% accuracy using 50× less energy than 

convolutional neural networks on embedded GPUs [47]. High-

speed event cameras capture micro-movements during 

phenotyping tasks, measuring traits like leaf angle dynamics 

and stem vibrations in response to wind stress with 

millisecond precision [48]. 

 

Precision Farming and Weed Management 

Selective weed control benefits critically from neuromorphic 

computing's combination of real-time processing and energy 

efficiency. Event-based vision detects motion differences 

between crop plants and weeds swaying in wind, achieving 

discrimination before spectral differences become apparent 

[49]. Neuromorphic control systems activate precision 

sprayers or mechanical weeders with sub-10 millisecond 

latency, enabling operation at speeds exceeding 5 km/h while 

maintaining >95% targeting accuracy. On-board learning 

adapts weed detection models to field-specific species 

composition and growth stages without manual retraining, 

improving efficacy across heterogeneous agricultural 

landscapes. 

 

Autonomous Navigation and Harvesting 

Neuromorphic processors enable energy-efficient 

simultaneous localization and mapping (SLAM) for 

autonomous navigation in GPS-denied environments like 

orchards and greenhouses. Event-based visual odometry 

computes robot pose from sparse motion events with 100× 

lower computational cost than frame-based methods while 

maintaining comparable accuracy. Harvesting robots 

equipped with neuromorphic tactile sensors and event-based 

vision achieve gentle fruit grasping by detecting contact 

events and adjusting grip force within milliseconds, reducing 

damage rates by 30% compared to traditional force-

controlled systems. Adaptive learning through STDP enables 

robots to optimize harvesting strategies based on crop-

specific characteristics encountered during operation. 
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Fig 1: Neuromorphic Computing Architecture for Energy-Efficient Agri-Robotic Perception, Decision-Making, and Control 

 

 
 

Fig 2: Integration of Event-Based Sensors, Neuromorphic Processors, and Actuators in Autonomous Agricultural Robots 

 



Journal of Agriculture Digitalization and Research www.agridigitaljournal.com  

 
    33 | P a g e  

 

Challenges and Future Perspectives 

Scalability and Programmability 

Despite promising performance, neuromorphic systems face 

scalability challenges in agricultural deployment. Current 

platforms support networks of up to millions of neurons, 

potentially insufficient for complex multi-task agricultural 

robots requiring simultaneous perception, planning, and 

control. Programming SNNs remains more complex than 

conventional deep learning, lacking standardized frameworks 

and requiring expertise in neuroscience-inspired algorithms. 

Developing high-level programming abstractions and 

automated SNN synthesis tools will prove essential for 

agricultural engineers to leverage neuromorphic computing 

without specialized training. 

 

Hardware-Software Co-Design 

Optimal neuromorphic agri-robotic systems require tight 

integration between specialized sensors, processors, and 

actuators. Event-based cameras and neuromorphic chips 

must interface efficiently, yet standards for asynchronous 

event communication remain fragmented. Co-designing 

neuromorphic perception algorithms with specific 

agricultural tasks—rather than adapting general-purpose 

networks—can unlock further efficiency gains through task-

specific architectural optimizations. Hybrid systems 

combining neuromorphic processors for time-critical 

perception with conventional processors for high-level 

planning represent a pragmatic near-term approach. 

 

Deployment, Cost, and Commercialization Barriers 

Commercial neuromorphic hardware remains expensive 

relative to conventional embedded systems, creating barriers 

for cost-sensitive agricultural markets. Transitioning from 

laboratory prototypes to ruggedized field-deployable systems 

requires addressing environmental challenges including 

temperature extremes, moisture ingress, and mechanical 

shock. Limited availability of neuromorphic development 

tools and trained personnel slows adoption in agricultural 

robotics companies focused on rapid product development 

cycles. Demonstration projects showcasing total-cost-of-

ownership benefits—including extended operational time 

and reduced maintenance—are needed to drive commercial 

interest. 

 

Table 3: Advantages, Limitations, and Practical Challenges of Neuromorphic Computing in Agri-Robotic Systems 
 

Aspect Advantages Limitations Practical Challenges 

Energy efficiency 
10-1000× lower power than GPUs; 

extended battery life 

Efficiency advantages diminish for 

dense continuous tasks 

Quantifying energy savings across diverse 

agricultural applications 

Real-time 

performance 

Microsecond latency; deterministic 

response 

Limited to event-driven tasks; sparse 

data processing 

Integrating with conventional sensing 

modalities 

Learning and 

adaptation 

On-chip learning; no cloud 

dependency 

STDP less powerful than 

backpropagation for complex tasks 

Validating learned behaviors across field 

variability 

Robustness 
Noise tolerance; high dynamic range 

sensing 

Requires event-based sensors; limited 

sensor availability 

Environmental testing under agricultural 

conditions 

Scalability 
Parallel architecture; distributed 

processing 

Current platforms limited to ~1M 

neurons 
Scaling to whole-farm multi-robot systems 

Cost 
Reduced operational costs via 

efficiency 
High initial hardware investment 

Demonstrating ROI for commercial 

adoption 

 

Conclusion 

Neuromorphic computing offers a compelling pathway 

toward sustainable, energy-efficient agricultural robotics 

capable of intelligent autonomous operation under the 

resource constraints and environmental variability of real-

world farming. Event-driven architectures leveraging spiking 

neural networks and specialized neuromorphic processors 

achieve orders-of-magnitude improvements in power 

efficiency while maintaining real-time responsiveness 

essential for precision agriculture applications. Current 

demonstrations in crop monitoring, weed management, and 

autonomous navigation validate neuromorphic approaches 

for specific agricultural tasks, revealing substantial potential 

for reducing energy consumption and extending operational 

duration of field robots. 

However, realizing widespread adoption requires addressing 

critical challenges in scalability, programmability, and 

commercialization. Continued hardware development must 

focus on ruggedized agricultural-grade neuromorphic 

platforms with standardized interfaces and accessible 

programming tools. Research should prioritize hardware-

software co-design methodologies that optimize 

neuromorphic architectures for specific agricultural 

workflows while maintaining flexibility across crops and 

environments. Collaborative efforts between neuromorphic 

computing researchers, agricultural engineers, and farming 

stakeholders will accelerate translation from laboratory 

prototypes to practical field deployments. 

As neuromorphic technology matures and costs decline, 

integration with emerging agricultural paradigms—including 

swarm robotics, distributed sensing networks, and adaptive 

farm management systems—promises transformative 

impacts on global food security and environmental 

sustainability. The convergence of brain-inspired computing 

and agricultural automation represents not merely an 

incremental improvement but a fundamental reimagining of 

how intelligent machines interact with living agricultural 

ecosystems. 
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