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Appendix A Related work

Deep Learning has achieved remarkable success in specific robotic applications [1–3]. However, autonomous operations in

natural environments remain challenging due to the variability and unpredictability of dynamic surroundings [4], except for

scenarios involving precisely calibrated robots performing repetitive tasks in controlled environments. [5–10].

Given robotics’ foundation in biological intelligence, some research has examined the emerging shift in robotic com-

puting paradigms, moving from traditional deep learning–based frameworks toward neuromorphic computing architectures

that promise greater efficiency, adaptability, and biological plausibility. [11–14]. However, simply mimicking biological neu-

ral mechanisms is insufficient; robots must tightly couple perception, computation, and action to learn and adapt more

effectively. Against this backdrop, Embodied Neuromorphic Intelligence (ENI) has emerged, enabling robots to adapt

decision-making and behavior in complex environments with low power consumption, advancing robotic intelligence.

ENI integrates neuromorphic computing with embodied perception-action loops, simulating the brain’s operational prin-

ciples. It equips agents with perception, decision-making, and action capabilities, leveraging brain-inspired architectures for

efficient, flexible computation. ENI emphasizes multimodal sensory integration (vision, audition, touch) and interaction with

environments through motor systems. At its core, neuromorphic computing utilizes Spiking Neural Network (SNN) [15]

to process information similarly to biological brains. Moreover, neuromorphic chips replicate neural structures, offering

low power and high parallelism, allowing real-time decisions in dynamic environments, thus propelling robotic intelligence

evolution. Fig. A1 illustrates the system architecture of ENI robots.

In ENI robots, sensors are essential for capturing multimodal environmental data, enhancing perception robustness [16].

The computation component primarily processes SNN computations [17]. Event-based inputs can be directly fed into

SNN [18], while analog or digital signals require neural encoding. SNN training typically uses Surrogate Gradient Learning

(SGL), ANN-to-SNN conversion, or STDP-based learning. Efficient execution requires careful SNN training, compilation

into operator graphs, optimization into hardware primitives, and deployment onto neuromorphic platforms, enhancing pre-

dictive performance while minimizing computational overhead [19–22]. Actuators translate computational outputs into

physical actions, supporting diverse robotic tasks [23–27].While robots based on the DYNAP-SE2, BiCoSS, Loihi, Rolls,

TrueNorth, and Tianjic platforms have demonstrated progress in tasks such as attitude estimation, sensor fusion, obstacle

avoidance, and speech recognition, the capabilities of current neuromorphic hardware remain largely confined to relatively

simple models. [28–37]. Neuromorphic learning algorithms also exhibit limitations in adaptability and generalization, hin-

dering fully embodied intelligence. Furthermore, multimodal integration and collaborative processing remain challenging,

as current SNN models are often single-modality focused, lacking a complete SNN-based multimodal framework [?, 25].

At the level of high-level decision-making, a truly ENI system must possess advanced perception and decision-making

capabilities to execute tasks such as autonomous navigation, multi-task decision-making, and complex human-robot in-

teractions. However, current research primarily focuses on relatively simple or single-task implementations, rendering it

insufficient for handling comprehensive or highly complex tasks. In summary, achieving ENI in robotics requires overcom-

ing several key challenges, including the computational limitations of neuromorphic hardware, the learning and algorithmic

constraints of SNNs, the integration and collaboration of multi-modal sensory processing, and the development of high-level

decision-making mechanisms.
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Figure A1 The system architecture of ENI robots consists of three key processing stages: sensors, computation, and actuators,

working together to enable intelligent perception, efficient processing, and adaptive interaction. [38]

Appendix B Method

Appendix B.1 PAICar Robot Platform

The human perception system exhibits remarkable diversity and flexibility in sensing the external environment, enabling

comprehensive understanding and adaptive responses through the integration of multiple sensory modalities such as vision,

audition, and thermal perception. This process involves multiple levels of neural processing, ranging from the collection and

encoding of low-level sensory signals to higher-level multimodal integration and cognitive decision-making. In the brain,

different regions are responsible for processing specific modalities; for instance, the visual cortex primarily analyzes visual

stimuli, while the auditory cortex specializes in processing sound information. After initial sensory processing, these signals

are transmitted to higher-order brain regions, such as the temporal and parietal cortices, where multimodal fusion and

integrative analysis take place. This hierarchical perception mechanism enables humans to rapidly comprehend complex

environments and make optimal decisions in dynamic contexts.

Inspired by the human perception system, we designed PAICar, an embodied neuromorphic intelligent robotic plat-

form that integrates multimodal sensing with neuromorphic computing to achieve efficient environmental perception and

understanding. The robot is equipped with a variety of sensors, including vision, audition, and thermal infrared sensors,

mimicking the multidimensional information acquisition capability of the human perception system. Each sensor module

incorporates Spiking Neural Encoding. These sensor modules not only accurately extract environmental features but also

convert raw signals into spike sequences suitable for SNN processing, enabling efficient perceptual reasoning and real-time

response.

For information processing, we employ a modular multi-network architecture, allowing independent processing and com-

putation of different modalities. This modular design enhances system flexibility and scalability, enabling the dynamic

addition or adjustment of sensory modules based on task requirements, thereby adapting to diverse operational environ-

ments. Additionally, we leverage large-scale training datasets and advanced learning rules to continually optimize the

learning process of SNNs, improving the robot’s environmental adaptability and perception accuracy. Upon completing

environmental perception and sensory integration, the system utilizes a decision-making module based on Reinforcement

Learning (RL) and Neural State Machines (NSM) to perform high-level task planning and real-time decision-making. This

module synthesizes feature information extracted from multiple sensory channels, low-level control feedback, and predefined

task goals and constraints to formulate optimal action strategies. These high-level decisions are then transmitted to the

actuators, enabling the robot to autonomously execute a range of tasks in complex environments, including sound source

localization, target tracking, obstacle avoidance, and path planning.

By integrating brain-inspired multimodal perception, SNN computation, reinforcement learning, and neuromorphic

decision-making, this study presents a low-power, high-efficiency embodied intelligence computing framework, equipping

robots with enhanced autonomy, adaptability, and intelligent decision-making capabilities in dynamic environments. To

accommodate different environmental requirements, we have designed and proposed two PAICar robotic platforms: the

two-wheeled PAICar and the four-wheeled PAICar. The two-wheeled PAICar is compact and well-suited for indoor or

small-scale environments, prioritizing maneuverability and agility. In contrast, the four-wheeled PAICar features greater

power and enhanced terrain adaptability. Its more stable wheeled structure allows it to carry a complete computing and

perception system, making it suitable for outdoor or complex terrains.
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Figure B1 PAICar System Architecture. (A) Key components of the two-wheeled PAICar. The system consists of multimodal

sensors, the neuromorphic computing chip PAICORE, and a two-wheeled TurtleBot3-Burger robot. It is primarily designed for

indoor or small-scale environments. (B) The pipeline of the PAICar system (two-wheeled PAICar). The host computing platform is

responsible for sensor data acquisition, data preprocessing, robot control, and communication with the FPGA. The SNN is mapped

and deployed on PAICORE, performing perception, planning, and decision-making tasks based on different modality data streams.

(C) Key components of the four-wheeled PAICar. This system comprises multimodal sensors, the neuromorphic computing chip

PAICORE, and a self-developed four-wheeled robot. Compared to the two-wheeled PAICar shown in (A), the four-wheeled PAICar

offers higher power, more flexible wheels, and the ability to accommodate all system modules on the vehicle body, making it suitable

for outdoor or complex terrain environments. (D) The pipeline of the PAICar system (four-wheeled PAICar). The host computing

platform is responsible for sensor data acquisition, data preprocessing, robot control, and communication with the FPGA. The

SNN is mapped and deployed on PAICORE, where it processes different modality data streams to accomplish perception, planning,

and decision-making tasks.

The PAICar robotic platform is equipped with a range of sensors and actuators, forming a computing architecture

analogous to the human sensorimotor system (see Fig B1). This platform acquires multimodal information through multiple

sensors, all of which are connected to a central computing platform responsible for data preprocessing, robot motion control,

and interaction with neuromorphic computing hardware. The two-wheeled PAICar uses Intel Walkfish as its computing
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platform, integrating a sensor suite and robotic control system. Sensor data collected by Walkfish is published via ROS to

SoarSea P310S CPU, which further processes the data and interacts with PAICORE. Similarly, the four-wheeled PAICar

is powered by Nvidia Jetson Xavier NX (hereafter referred to as Xavier NX), which handles sensor data acquisition,

preprocessing, robot control, and communication with PAICORE.

PAICORE is a large-scale neuromorphic chip with over 1.9 million neurons and 4.7 billion synapses, whose crossbar-

based architecture and hardware-accelerated SNN computations deliver high efficiency, low latency, and superior energy

performance compared to conventional architectures—providing powerful support for embodied intelligence in PAICar. Both

the two-wheeled and four-wheeled PAICar utilize PAICORE for SNN computation. Each PAICar platform is equipped with

a ReSpeaker USB 4-Mic Array, Intel Realsense RGB-D camera, and thermal imaging sensor. The sensor data is processed

using an SNN algorithm, enabling PAICar to perform real-time sound source localization and tracking, object recognition,

obstacle avoidance, and autonomous decision-making.

Appendix B.2 Tracking and positioning algorithm based on SNN

Effective processing of multimodal data presents significant challenges due to the diverse characteristics of different modal-

ities, such as the spatial nature of image information and the temporal dependencies of speech signals. Additionally,

variations in event arrival times, information content, and data dimensionality further complicate multimodal integration.

PAICar employs different types of SNNs with a wide range of compatible encoding schemes, enabling it to overcome these

challenges and efficiently handle multimodal tasks.

Fig B2 illustrates the algorithmic architecture and network structure of the system, which integrates a hierarchical

topology with parallel network processing. To process spatiotemporal multimodal data, each module is specifically designed

based on the characteristics of the incoming data stream. The system includes a sound-based localization module (A), a

thermal imaging-based target detection module (B), a depth-based obstacle avoidance module (D), and an RGBD-based

path planning module (C). Across the entire system, multimodal information from the external environment is captured by

different sensors, and then transmitted to the corresponding modules along distinct data streams for processing.

Figure B2 Algorithm architecture and network structure.

Appendix B.2.1 Sound-Based Localization

The sound source localization module focuses on azimuth estimation for single-source scenarios. By integrating sound event

recognition, we propose a fully spiking, energy-efficient learning framework. As illustrated in Fig B2(A), this framework

is designed for multi-feature extraction and spike-based encoding of multi-channel audio signals, aiming to maximize the

utilization of critical acoustic information. By analyzing the time-frequency characteristics of audio signals, features related

to the sound source direction are extracted and encoded into spike signals, which are then input into an SNN network.

Within this framework, a biologically inspired neuron model is employed to simulate the human brain’s auditory process-

ing mechanism, constructing a highly biomimetic neural network system. This system not only efficiently processes complex

audio signals but also offers significant energy efficiency, allowing stable operation even in resource-constrained hardware

environments. Through this design, the sound source localization module can accurately estimate the azimuth of the sound

source under low-power conditions while effectively recognizing different sound events, significantly improving localization

accuracy and system robustness. To achieve direction of arrival (DOA) estimation for the target sound source, a fully con-

nected SNN is employed. The system utilizes a microphone array equipped with four directional channels to capture audio

signals. In sound source localization, time-delay-based methods are widely adopted due to their computational simplicity

and effectiveness, with the generalized cross-correlation with phase transform (GCC-PHAT) technique achieving notable

success in estimating the time difference of arrival (TDoA) between any two microphones. Since GCC-PHAT demonstrates

robustness to noise and room reverberation, it is selected as one of the primary acoustic features in this study.
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After endpoint detection identifies valid audio segments, GCC-PHAT is applied to extract key frequency-domain features,

which are subsequently fed into a fully connected Leaky Integrate-and-Fire SNN (LIF-based SNN) for processing and analysis

to determine the target’s angular position. SNN extract essential feature information and make precise judgments regarding

the target’s direction. Specifically, the network’s output is a 360-dimensional vector, where each dimension corresponds to

a degree from 1° to 360°, representing the confidence level for each angle. This approach enables the network to classify

the exact direction of the sound source with high precision. Each output value indicates the likelihood of the sound source

being at the corresponding angle, with higher values representing higher probabilities. Ultimately, the system determines

the precise azimuth of the sound source by selecting the angle corresponding to the highest confidence score in the output

vector, thereby achieving accurate target localization.

Appendix B.2.2 Thermal Imaging-based Target Detection

As illustrated in Fig B2(B), we employ a two-stage target detection algorithm based on multi-patch localization to achieve

Thermal Imaging-based Target Detection [39]. This approach effectively addresses the challenge in current studies where

SNN require a large number of timesteps in object detection tasks due to the need to compute precise bounding box

coordinates. Traditional SNN-based object detection algorithms often incur high computational costs when regressing

bounding boxes, limiting their practicality in real-time applications.

Specifically, the input image is first resized to a predefined resolution R1 � R1 and then divided into N patches of size

Rp � Rp, where N = R1
2=Rp2. A small-scale SCNN is then used to classify each patch as either positive (containing a

target) or negative (background only). If a patch is classified as positive, it indicates the presence of a target within that

region, enabling an initial coarse localization. Conversely, if a patch is classified as negative, it contains only background, and

no further processing is required. For patches classified as positive, a classification-based localization network is employed

to achieve precise target positioning. The process involves training a classification network to categorize the coordinates

of the detected target within the patch. The final network output provides the target coordinates, effectively enabling

localization through a classification-based approach. The model is trained using a self-constructed Thermal Image dataset,

with cross-entropy loss applied during training. The loss function consists of the sum of the losses for both the x and y

coordinates. Once the network parameters are trained, they are mapped onto an SNN with an identical topological structure

composed of IF (Integrate-and-Fire) neurons. The SNN’s parameters and firing threshold are balanced through threshold

normalization, ensuring that each spike in the SNN represents a larger amount of information, improving efficiency and

computational feasibility.

Appendix B.2.3 Depth-Based Obstacle Avoidance Module

In obstacle avoidance tasks, rapid and accurate responses are crucial, as they directly impact the robot’s safety and

stability. Based on this requirement, this study designs and implements a real-time obstacle avoidance module based on

depth information, with its specific architecture shown in Fig B2(D). The module utilizes a D435i depth camera to capture

depth information from the surrounding environment and uses it as input data to support the robot’s autonomous obstacle

avoidance decisions in complex scenarios.

To enhance computational efficiency and real-time performance, the original depth images undergo optimized preprocess-

ing. During preprocessing, depth images are binarized and directly converted into spike signals, which are then processed

by the SNN. This conversion not only reduces data dimensionality and improves computational speed but also significantly

lowers system computational costs, ensuring that the robot can perform real-time obstacle avoidance in dynamic environ-

ments. We employ a self-constructed dataset, PKU DepthGuard Dataset, with Fig B3(A) showing a selection from the

dataset.

During the signal processing phase, the system utilizes a lightweight three-layer SCNN model to efficiently process input

data and conduct environmental perception and classification. The network output consists of four decision categories: ob-

stacle avoidance by turning left, turning right, maintaining the current state (staying still), or turning around. Additionally,

to improve decision accuracy, the model not only generates specific action commands but also provides confidence values for

each decision category. This enables the robot to make more refined obstacle avoidance decisions in complex environments.

By integrating depth perception, SNN computation, and an efficient decision-making mechanism, the proposed real-time

obstacle avoidance module ensures that the robot can autonomously perform efficient obstacle avoidance tasks in dynamic

and complex environments. This further enhances the intelligence and safety of PAICar in real-world applications.

Appendix B.2.4 RGBD-Based Path Planning

To further enhance the robustness of the tracking system, the robot integrates global perception in addition to self-

perception. In the high-level decision-making module based on RGB-D data, the system performs comprehensive envi-

ronmental modeling using top-down depth maps and RGB images. This is combined with static map construction to

understand the fixed environmental structure while enabling dynamic object recognition for real-time detection and track-

ing of moving objects. Through object recognition and head pose estimation, the system determines PAICar’s position

and orientation in the environment. Using both global and local path planning algorithms, intelligent path planning is

achieved. By synthesizing the collected information, the system executes decision-making commands through the motor

control module, enabling PAICar to perform calibration and steering.

As shown in Fig B2(C), the system integrates both global and local path planning algorithms. The global path planning is

implemented using the reinforcement learning algorithm BrainQN [40], which helps the robot navigate complex environments

by finding the optimal path while avoiding local optima. Meanwhile, the local path planning algorithm adjusts the trajectory

based on real-time sensory data, ensuring that the robot can flexibly respond to unexpected environmental changes. By
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integrating global information, the system ultimately transmits decision results to the robot’s internal motor control module,

guiding PAICar in precise calibration and steering. Whether executing precise turns in narrow spaces or adjusting paths

during high-speed movement, PAICar leverages this advanced perception and decision-making system to perform various

tasks with stability and efficiency. This combination of self-perception and global perception allows PAICar to exhibit high

robustness and adaptability in dynamic and complex environments.

In this study, the BrainQN model is employed to compute the Q-values for different directions, thereby evaluating

the expected rewards associated with each action. At each timestep, the agent selects the direction with the highest

Q-value as its current action, ensuring optimal decision-making in the given environment. During the training process of

BrainQN, a variety of simulated environments are generated, each containing randomly positioned goal locations and obstacle

distributions. The purpose is to train the agent to learn how to find the optimal action path under different conditions.

Throughout training, the agent continuously explores these virtual environments and refines its decision-making strategy

through interaction. The core training objective is to enable the agent to adapt to different obstacle layouts and goal

positions, effectively responding to various challenges and ultimately identifying the most efficient path. After extensive

training, the agent progressively learns strategies for efficient obstacle avoidance and target navigation, with the reward

function formulated as follows:

reward =

(
+200; complete
�1; next
�100; died

(B1)

Once training is complete, the trained agent is deployed onto the PAICar platform for real-world testing. At this

stage, the agent no longer relies on the simulated environment but operates within real-world maps, using its learned

strategies for navigation and decision-making. During these test scenarios, PAICar must perform tasks in complex real-

world environments, including identifying and avoiding actual obstacles, adapting to uncertain environmental changes, and

ultimately reaching the designated target location successfully. The performance is then evaluated based on real-world test

results.

Appendix B.2.5 Decision-Level Fusion Based on NSM

For the four modules of localization, tracking, obstacle avoidance, and path planning, this study designs a decision-making

module based on a Neural State Machine (NSM) [41]. This module not only integrates hybrid data streams from both

visual and auditory signals but can also be trained to handle different tasks. Fig B3(B) illustrates the structure and data

flow of the NSM-based decision-making module. The state machine transitions from one state to another based on external

stimuli and internal conditions. For each state, the relevant module is activated according to specific circumstances. The

NSM consists of five transition neurons (T) and five state neurons (S). When the PAICar is powered on, it enters the initial

state (S0), where it moves straight ahead while awaiting activation from other transition neurons.

In the NSM, different sensory signals trigger state transitions based on environmental inputs. The visual signal is

triggered when the thermal imaging camera sees the target enter the field of view, the auditory signal is activated when

the microphone detects a sound source, and the depth signal is triggered when the measured depth falls below a predefined

threshold. When a sound source is detected, the auditory module generates a transition signal. The NSM, upon receiving

transition signal T2, automatically switches to state S1, activating the sound source localization module. The robot then

moves toward the detected sound source. When the visual module detects a target, it generates a transition signal. The

NSM, responding to transition signal T1, switches to state S2, activating the target detection module. The robot then

moves toward the detected target. If an obstacle is detected through depth sensing, the robot halts all ongoing tasks and

begins an avoidance maneuver. The NSM transitions to the obstacle avoidance state S3 upon receiving transition signal

T0. During this period, all other stimuli are ignored until the avoidance action is successfully completed. If the tracked

target moves out of the field of view, the robot searches for the sound source. If the target is also outside the auditory

detection range, the system initiates high-level decision-making. The NSM transitions to state S4 upon receiving transition

signal T3, where global information is used for path planning. Table B1 provides a detailed explanation of the states and

transition signals within the NSM framework. PAICar adopts a multimodal fusion strategy that progressively integrates

RGB-D, sound, thermal infrared, and depth modules from coarse to fine granularity, enhancing adaptability and accuracy.

Supported by the NSM decision module, the system optimizes sensor information and task constraints to generate optimal

action plans, enabling robust autonomous operation in complex environments.

Table B1 NSM state definition, transfer signal and input signal description

State State meaning Transfer signal Input signal

S0 Initial state - -

S1 Sound source localization T2: Sound source identified Auditory signal

S2 Target detection T1: Target found Visual signal

S3 Obstacle avoidance
T0: Obstacle found

T4: Obstacle avoidance completed
Depth signal

S4 Path planning T3: Sound source not identified Auditory visual signal
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Figure B3 (A) A portion of the PKU DepthGuard Dataset. (B) Decision-level fusion framework based on NSM. Results of noise
enhancement training of the model with noise data of di�erent SNRs, labeled as (C{F). (C) SNN model trained with corresponding
noise enhancement (D) SNN model enhanced with 0dB noise (E) SNN and ANN models trained with corresponding noise enhance-
ment (F) SNN and ANN models trained with 0dB noise. (G) The PAICORE chip enables the parallel execution and scheduling of
multiple networks.

Appendix C Experimental and Results

This paper presents the implementation of a localization and tracking robotic system on the PAICar platform, capable
of performing multiple tasks in various real-world scenarios, including sound source localization, target detection, obstacle
avoidance, and path planning. The system exhibits strong environmental perception and autonomous adaptation capabili-
ties, enabling PAICar to 
exibly accomplish multiple tasks in complex environments, thereby enhancing the overall system
performance and environmental adaptability.

The target robot, as shown in the upper left of Fig C1, is equipped with a ceramic heater and a sound source and is
manually operated. The tracking robot, PAICar, is responsible for searching and tracking the target robot. The tracking
algorithm consists of four modules: a sound-based localization module, a thermal Imaging-based target detection module,
a depth-based obstacle avoidance module, and an RGBD-based path planning module. This chapter will present the
performance of PAICar and experimental details are provided in Table C1, Table C2, and Table C3.

Table C1 Experimental details and hyperparameters

Networks Dataset Train/Val Split � m Vth Vr lr batch

Sound Source Localization SLoClas 80/20 2 1 0 0.001 32

Object Detection Custom Object Detection Dataset 80/20 2 1 0 0.01+lr decay 400

Path Planning Custom Path Planning Dataset 80/20 2 1 0 0.00003 256

Target Recognition Custom Target Recognition Dataset 80/20 2 1 0 0.00003 287

Avoidance
Custom-built Dataset;
PKU DepthGuard Dataset 80/20 4 1 0 0.001+lr decay 64

Table C1 presents the experimental training details and hyperparameters to ensure that other researchers can repro-
duce our work. In this study, � m denotes the membrane time constant, V th the membrane potential threshold, V r the
initial membrane potential, lr the learning rate, and batch the batch size. Table C2 presents the experimental hardware
environment. Table C3 presents the sensor con�gurations, including the models and resolutions of each sensor.
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