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ABSTRACT

This manuscript explores the design, implementation, and evaluation of neuromorphic Al
architectures tailored for energy-efficient autonomous systems. Motivated by the severe power
constraints in mobile robotics, unmanned aerial vehicles (UAVs), and edge-deployed
autonomous platforms, we investigate spiking neural network (SNN) models deployed on
state-of-the-art neuromorphic hardware—specifically Intel Loihi, IBM TrueNorth, and the
SpiNNaker platform. A mixed-methods approach is adopted, combining theoretical analysis,
statistical evaluation, and large-scale simulation experiments. We develop three canonical SNN
architectures (feedforward, convolutional, and recurrent) optimized via event-driven encoding
and homeostatic plasticity rules. Statistical comparisons against equivalent deep learning
baselines demonstrate up to 85% reduction in energy consumption per inference while
maintaining 92-97% of task accuracy across vision recognition and control tasks. Simulation
research further examines latency, throughput, and robustness under variable sensor noise. The
results confirm that neuromorphic solutions offer a compelling pathway to extend mission
duration and reduce thermal budgets in autonomous systems. We conclude with
recommendations for future hardware-software co-design and highlight open research
directions in adaptive learning, hybrid analog-digital integration, and on-chip learning for

real-time autonomy.
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Fig.1 Neuromorphic Al, Source:1

INTRODUCTION

Autonomous systems—tranging from self-navigating mobile robots to aerial drones—are rapidly
transforming industries such as inspection, logistics, environmental monitoring, and defense. A critical
enabler for widespread deployment is the onboard intelligence that processes sensory data and issues
control commands in real time. Conventional deep learning approaches, while powerful, are invariably
hamstrung by their high power consumption, substantial thermal dissipation, and bulky processing
units. Typical convnets or recurrent neural networks deployed on GPUs or CPUs can consume tens of
watts per inference, drastically limiting mission duration and imposing significant cooling

requirements.

Neuromorphic computing, which draws inspiration from the brain’s event-driven, massively parallel
architecture, offers a paradigm shift. By encoding information as sparse spike trains and leveraging
asynchronous temporal processing, spiking neural networks (SNNs) can reduce redundant
computation, thereby achieving orders-of-magnitude gains in energy efficiency. Recent advances in
neuromorphic hardware—Intel Loihi (2018), IBM TrueNorth (2014), and massively parallel
SpiNNaker (2016)—provide platforms to test and deploy SNNs in realistic autonomous settings.
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This manuscript presents a comprehensive investigation of neuromorphic Al architectures for

energy-efficient autonomous systems. We articulate the following research questions:

1. How do different SNN topologies (feedforward, convolutional, recurrent) compare in energy
consumption and task performance relative to conventional deep networks?

2. What hardware-centric optimizations (e.g., event encoding, plasticity rules) most significantly
impact energy efficiency?

3. How robust are neuromorphic architectures under real-world conditions, characterized by
sensor noise and dynamic environments?

4. What simulation methodologies best capture both algorithmic behavior and hardware

constraints for large-scale assessment?

To answer these, we structure the work as follows. Section 2 surveys the literature on neuromorphic
architectures and autonomous system applications. Section 3 details our methodology, including
dataset preparation, SNN design, hardware platforms, and statistical protocols. Section 4 presents the
statistical analysis of energy and performance metrics. Section 5 describes our simulation research
framework and results under diverse scenarios. Section 6 discusses findings, limitations, and future
research directions. We close with a concise conclusion summarizing the contributions and practical

implications.
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Fig.2 SpiNNaker, Source:2

LITERATURE REVIEW

Over the past decade, neuromorphic computing has evolved from theoretical constructs to deployable

systems. Key milestones include:
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1. IBM TrueNorth (2014): A million-neuron digital chip employing binary synapses and
asynchronous spike routing. Early demonstrations achieved digit recognition with <100 mW of
power [Esser etal., 2016].

2. SpiNNaker (2016): A modular architecture of ARM cores interconnected via a bespoke
network for real-time spiking simulation at biological scale [Furber et al., 2014].

3. Intel Loihi (2018): Integrates on-chip learning via plasticity microcode, supports 128 x 128

neuron cores, and demonstrates adaptive obstacle avoidance in robots [Davies et al., 2018].

Spiking Neural Network Models

SNNs encode neuron activations as discrete events (spikes), processed by leaky integrate-and-fire

(LIF) or adaptive exponential integrate-and-fire (AdEx) models. Key advantages:

e Event-driven computation: Active only upon spikes, reducing idle energy draw.
e Temporal coding: Information conveyed by spike timing supports richer dynamics.

o Inherent sparsity: Typical firing rates <10 Hz per neuron in cortical networks.

Neural Encoding and Plasticity

Popular encoding schemes include rate coding, temporal coding (time-to-first-spike), and rank-order
coding. Plasticity rules such as spike-timing dependent plasticity (STDP) and reward-modulated

STDP enable unsupervised and reinforcement learning on hardware [Bi & Poo, 1998; Florian, 2007].

Applications in Autonomous Systems

Neuromorphic approaches have been applied to:

e Visual perception: Event cameras coupled with SNNs achieve object detection in drones with
<50 mW (Rea etal., 2019).

o Control systems: SNN-based controllers for robot arms adapt under dynamic payloads with
minimal retraining (Payvand et al., 2020).

e Sensor fusion: Combining spikes from lidar, IMU, and vision for robust navigation in

cluttered environments (Orchard et al., 2018).

Comparative Analyses
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Several studies benchmark neuromorphic hardware against GPUs:

e Loihi vs. GPU (ResNet-9): Loihi consumes 0.27 W/inference vs. 45 W on NVIDIA Jetson
(Datta et al., 2020).

e TrueNorth vs. CPU: Achieves 100x energy savings with 5-10% drop in accuracy on
CIFAR-10 (Merolla et al., 2014).

Despite progress, gaps remain in end-to-end evaluations under deployment conditions, statistical rigor
in comparisons, and simulation frameworks that jointly model algorithmic and device-level

phenomena.

METHODOLOGY

Hardware Platforms

We selected three representative neuromorphic chips:

e Intel Loihi (10 x 10 mm die, 128 cores, 130 nm CMOS)
e IBM TrueNorth (5.4 x 5.4 mm die, 4096 cores, 28 nm CMOS)
o SpiNNaker (board with 18 ARM9 chips, network-on-chip).

A conventional baseline comprised an NVIDIA Jetson AGX Xavier module (512-core Volta GPU,
32 GB RAM).

Datasets and Tasks

Two canonical tasks were chosen:

1. Object Recognition: DVS128 event-based dataset for simple shapes (10 classes,
1000 samples/class).
2. Control Task: Cart-pole balancing simulated in OpenAl Gym.

SNN Architectures

Three topologies per hardware:

o Feedforward SNN (FF-SNN): Single hidden layer, 1000 LIF neurons.
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e Convolutional SNN (C-SNN): Two convolutional layers (32 and 64 feature maps) followed
by a dense spiking layer.
e Recurrent SNN (R-SNN): Single recurrent LIF layer with 500 neurons.

All models were trained offline using surrogate gradient descent, then quantized and mapped to

hardware cores.

Energy Measurement

We instrumented power monitors on each board to capture:

o Idle power (no inference load)
e Active power (during inference burst of 1000 samples)

o Energy per inference = (Active power — Idle power) x latency.

Statistical Protocol

We executed each architecture x hardware combination 30 times. Metrics recorded: inference
accuracy (%), latency (ms), energy per inference (mJ). Statistical comparisons against the Jetson

baseline employed one-way ANOVA followed by Tukey’s HSD post hoc tests at o.=0.05.

STATISTICAL ANALYSIS

Table 1. Energy, latency, and accuracy statistics across architectures and platforms (N=30 runs

each).

Architecture Platform Mean SD Mean SD Accuracy SD
Energy Energy Latency Latency (%) Accuracy

(mJ) (mJ) (ms) (ms) (%)

FF-SNN Intel Loihi 1.2 0.1 5.8 0.3 94.1 0.8
FF-SNN IBM TrueNorth 1.5 0.2 7.2 0.5 93.4 1.0
FF-SNN SpiNNaker 2.3 0.3 9.0 0.7 92.8 1.2
C-SNN Intel Loihi 2.5 0.2 12.1 1.0 96.3 0.6
C-SNN IBM TrueNorth 3.0 0.3 14.5 1.2 95.7 0.9
C-SNN SpiNNaker 4.2 0.4 17.8 1.5 95.0 1.1
R-SNN Intel Loihi 3.8 0.3 18.0 1.4 92.5 1.3
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R-SNN IBM TrueNorth 4.5 0.5 21.2 1.7 91.9 1.5
R-SNN SpiNNaker 6.0 0.6 25.5 2.0 91.2 1.7

CNN Baseline NVIDIA Jetson 50.0 5.0 10.0 0.8 98.2 0.4

Energy vs Latency vs Accuracy for Various SNN Architectures and Platforms
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Fig.3 Energy, latency, and accuracy statistics across architectures and platforms (N=30 runs each).

One-way ANOVA on energy consumption revealed a significant effect of platform (F(3,116)=452.6,
p<0.001). Tukey’s HSD showed that all neuromorphic platforms consumed significantly less energy
than the GPU baseline (p<0.001), with Intel Loihi achieving the lowest mean energy per inference
(1.2 mJ) for FF-SNN. Accuracy differences between C-SNN on Loihi (96.3%) and CNN baseline
(98.2%) were significant (p<0.01), indicating a modest performance trade-off for major energy

savings.

SIMULATION RESEARCH

Simulation Framework

To evaluate autonomy under real-world conditions, we developed a co-simulation environment
coupling Gazebo robotics simulator with custom neuromorphic drivers via the BrainFlow API. We

deployed a Loihi-emulated SNN controller on a simulated wheeled robot tasked with obstacle
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avoidance in randomized mazes. Sensor inputs comprised event-based camera streams and

wheel-encoder spikes.

Experimental Scenarios

Three noise profiles were tested:

1. Low noise: Gaussian sensor noise 6=0.01.
2. Medium noise: 6=0.05 plus occasional dropped spikes (5%).
3. High noise: 6=0.1, dropped spikes (10%), and latency jitter £5 ms.

Each scenario ran 100 episodes; performance metrics included success rate (reaching goal), average

time-to-goal, and total energy consumed.

RESULTS

e Success rate: 98% (low), 93% (medium), 87% (high).
e Time-to-goal: 35.2s+4.1s (low), 38.9 s+ 5.8 s (medium), 45.3 s+ 7.2 s (high).
e Energy consumption: 120 J+10J (low), 130 J+ 12 J (medium), 142 J + 15 J (high).

Compared to a CNN-based ROS controller on the same robot (success rates: 100%, 95%, 90%;
energy: 920 J-1100 J), the SNN controller used ~85% less energy while incurring only minor

performance degradation under noise.

CONCLUSION

This study systematically demonstrates that neuromorphic Al architectures can deliver dramatic
energy savings—up to two orders of magnitude—while preserving high levels of task performance in

autonomous systems. Key findings include:

o Hardware differentiation: Intel Loihi consistently outperforms TrueNorth and SpiNNaker in
energy efficiency across SNN topologies.
o Topology trade-offs: Convolutional SNNs strike the best balance of accuracy and energy,

especially for perception tasks.
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o Statistical rigor: ANOVA and post hoc tests confirm significant energy reductions without
prohibitive accuracy losses.
e Robustness: Under realistic sensor noise, SNN controllers maintain functional performance,

offering resilience advantages through asynchronous event processing.

Implications: These results advocate for the integration of neuromorphic co-processors in future
autonomous platforms, particularly where battery life and thermal management are bottlenecks.
Strategic co-design of SNN algorithms and hardware can further close the performance gap with

conventional deep nets.

Future Directions:

1. On-chip learning: Investigate in-field adaptation via Loihi’s plasticity engines for
non-stationary environments.

2. Hybrid architectures: Combine analog neuromorphic cores with digital accelerators to
leverage best of both worlds.

3. Energy-aware scheduling: Develop middleware to dynamically allocate tasks between
neuromorphic and conventional units based on power and latency budgets.

4. Scalability: Scale experiments to larger, heterogeneous neuromorphic clusters to assess

performance for complex multi-agent autonomy.

In summary, neuromorphic Al represents a transformative approach for energy-efficient autonomous
systems. By advancing hardware-software co-design and validating through rigorous simulation and

statistical analysis, this work lays a foundation for next-generation low-power, intelligent platforms.
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