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R O B O T  L O C A L I Z AT I O N

A compact neuromorphic system for 
ultra–energy-efficient, on-device robot localization
Adam D. Hines*, Michael Milford, Tobias Fischer

Neuromorphic computing offers a transformative pathway to overcome the computational and energy challeng-
es faced in deploying robotic localization and navigation systems at the edge. Visual place recognition, a critical 
component for navigation, is often hampered by the high resource demands of conventional systems, making 
them unsuitable for small-scale robotic platforms, which still require accurate long-endurance localization. Al-
though neuromorphic approaches offer potential for greater efficiency, real-time edge deployment remains con-
strained by the complexity of biorealistic networks. To overcome this challenge, fusion of hardware and algorithms 
is critical when using this specialized computing paradigm. Here, we demonstrate a neuromorphic localization 
system that performs competitive place recognition in up to 8 kilometers of traversal using models as small as 
180 kilobytes with 44,000 parameters while consuming less than 8% of the energy required by conventional 
methods. Our system, locational encoding with neuromorphic systems (LENS), integrates spiking neural net-
works, an event-based dynamic vision sensor, and a neuromorphic processor within a single SynSense Speck chip, 
enabling real-time, energy-efficient localization on a hexapod robot. When compared with a benchmark place 
recognition method, sum of absolute differences, LENS performs comparably in overall precision. LENS represents 
an accurate fully neuromorphic localization system capable of large-scale, on-device deployment for energy-
efficient robotic place recognition. Neuromorphic computing enables resource-constrained robots to perform 
energy-efficient, accurate localization.

INTRODUCTION
Robot localization is a critical component of many autonomous 
navigation systems, enabling robots to determine their location 
while supporting the ability to understand and interact with their 
surroundings. A central challenge in robot localization is visual 
place recognition (VPR), which requires robots to identify and clas-
sify previously visited locations under varying conditions (1–3). 
Conventional VPR strategies often rely on deep convolutional neu-
ral networks or transformer-based architectures to robustly extract 
features from the environment (4–7). For resource-constrained ro-
botic platforms that nonetheless require the ability to keep track of 
where they are located over vast distances, using such conventional 
VPR methods is often not feasible because of their computational 
demands. An open challenge for real-world deployment of VPR is 
to find models that are computationally and energy efficient and can 
be deployed at the edge.

Neuromorphic computing, which takes inspiration by the brain, 
has emerged as a promising solution for addressing the energy and 
computational challenges associated with robot localization and 
navigation (8–12). The human brain’s ability to learn and navigate 
complex environments efficiently (13–16) has inspired roboticists to 
create more computationally efficient localization systems (17–21). 
In particular, spiking neural networks (SNNs) have been widely ex-
plored because of their ability to perform tasks through biorealistic 
simulations of neuron activity (22, 23). Although several SNN mod-
els have been proposed for robotic localization (10, 12, 24–32), they 
ultimately have not yet fully lived up to the promise of computation-
ally efficient deployment because of the complexity of continually 
modeling neurons in real time (19, 24, 26).

To advance the practicality of neuromorphic computing in VPR, 
the focus must shift toward developing models that can be effec-
tively deployed on size-, weight-, and power-constrained robotic 
platforms. One approach to overcoming deployment barriers is to 
trade the intricate biorealism of traditional SNNs for simpler, more 
efficient networks that still deliver robust performance (33). How-
ever, small-scale systems can often be limited in their ability to map 
large environments, which restricts the downstream use cases (11). 
To improve efficiency, the full potential of SNNs for robotic deploy-
ment can be realized by integrating them with neuromorphic hard-
ware (10–12,  19,  34–37) such as Intel’s Loihi 2, TrueNorth, and 
Tianjic (8, 38, 39), which draw inspiration from neuroscience for 
their design, enabling them to transmit and receive physical spikes 
from neurons within the processor cores (40). Neuromorphic com-
puting has been successfully used in tasks other than localization, 
such as control systems for drone flight (41), route following (11), 
autonomous driving controllers (42), and motor controllers (43). In 
contrast, nonspiking algorithms that are brain inspired are widely 
used in localization tasks but have limited ability to be deployed on 
neuromorphic hardware. Although several neuromorphic localiza-
tion systems have been developed and tested, they are limited by 
environment scale (11), require complex multimodal fusion of large 
network models (12), or have restricted real-time capability (10).

Event cameras, including dynamic vision sensors (DVSs), offer 
further computational advantages when paired with neuromorphic 
processors, given that they only transmit information based on pix-
elwise changes in light intensity exceeding a threshold, thereby re-
ducing unnecessary data processing (35). Spiking activity can be 
easily triggered and propagated on the basis of incoming input event 
streams, with SNNs being well suited to process them. Fusing neuro-
morphic algorithms, sensors, and processors to perform robotic lo-
calization tasks therefore provides a promising avenue to overcome 
the computational limitations inherent in SNN-based VPR (10, 12).
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Here, we introduce a neuromorphic pipeline for robotic local-
ization that is compact, real-time capable, and able to map environ-
ments up to 8 km in length. Our system, locational encoding with 
neuromorphic systems (LENS), is designed to deliver high accu-
racy and efficiency with a model size of less than 180 kilobytes and 
44,000 parameters and is capable of processing up to 8 km of tra-
versal data while consuming less than 8% of the energy required 
by conventional platforms. We trained an SNN using a temporal 
time–to–first spike encoding scheme designed to perform VPR 
(27) and deployed our model on the SynSense Speck (44), which 
combines a DVS and system-on-chip neuromorphic processor. 
The LENS neuromorphic algorithm was developed in tandem 
with neuromorphic hardware deployment to deliver ultra–energy-
efficient place recognition for robotic localization. By deploying on 
Speck, we eliminated the need for any external sensory modalities 
or computational resources, given that all localization is performed 
on chip. By abstracting complex biorealism in favor of enhanced 
performance, LENS represents a notable advancement in neuro-
morphic localization, as a fully event-driven platform designed for 
VPR. We validated LENS on a Hiwonder JetHexa hexapod robot 
(Fig.  1), demonstrating its effectiveness in both indoor and out-
door small-scale traversals (≈25 to 40 m, 50 to 80 places) and 
large-scale datasets (≈8 km, 600 places) (45), showcasing its poten-
tial for online VPR.

RESULTS
Locational encoding with neuromorphic systems
An overview of our LENS network is presented in Fig. 2. We used 
event streams from the Speck DAVIS128 sensor in two different 
ways for the mapping and localization phases of the robot naviga-
tion. A place was represented as 1 s of movement, translating to a 
distance of ≈0.15 m (Fig. 2A). For the mapping phase, the number 
of events was counted per pixel and then flattened into a two-
dimensional (2D) temporal representation image of the place (Fig. 
2B). Using a 2D convolutional kernel with the center weight set to 1 
and all other weights set to 0 (see the “Model training” section under 
Materials and Methods), we selected the center pixel from the 2D 
image to downsample to 10 pixels by 10 pixels to fit in our LENS 
(Fig. 2B). Following Hines et al. (27), we trained our model by first 
normalizing pixel intensities between 0 and 1 to use a temporally 
coded spike scheme, such that higher pixel intensities result in ear-
lier spiking, with lower intensities activating later (Fig. 2C and see 
the “Model training” section under Materials and Methods). Con-
nection weights were trained via spike timing–dependent plasticity 
(STDP) learning, with enhanced connectivity when postsynaptic 
activity occurred after presynaptic spikes and diminished connec-
tivity if postsynaptic neurons spike beforehand (Fig. 2C and see the 
“Model training” section under Materials and Methods). For our 
three-layer architecture, we used unsupervised learning between the 

Fig. 1. Neuromorphic place recognition system on a hexapod robot. (A) Our system was deployed on a Hiwonder JetHexa hexapod robotic platform equipped with a 
custom 3D-printed mount housing a SynSense Speck2fDevKit. Event streams captured by the onboard DVS were processed into event frames by counting on and off 
events during the hexapod’s traversal (B). The initial 128 pixel–by–128 pixel input was cropped to an 80 pixel–by–80 pixel ROI, which was then downsampled to 10 pixels 
by 10 pixels by selecting central pixels via a 2D convolutional layer (see the “Deployment time” section under Materials and Methods). (C) The SNN LENS learned reference 
event frames for on-chip deployment, enabling real-time localization using asynchronously collected events. (D) Sequence matching techniques enhanced the similarity 
between reference and query inputs, improving overall precision. (E) Schematic of the fully neuromorphic VPR pipeline.
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input and feature layers and a supervised delta learning rule be-
tween the feature and output layer (see the “Model training” section 
under Materials and Methods).

During the localization phase, we used the raw event streams 
collected from the Speck directly in our model instead of 2D tempo-
ral representations of places (Fig. 2D and see the “Deployment time” 
section under Materials and Methods). The first layer of our LENS 
was the convolutional pixel selection filter applied earlier to reduce 
the input dimensionality to 10 pixels by 10 pixels (Fig. 2E and see 
the “Deployment time” section under Materials and Methods). We 
performed place recognition with asynchronous events over 1-s col-
lection windows and picked the location with the highest spiking 
activity for the neuron in the output layer (Fig. 2E and see the “On-
line place matching” under Materials and Methods).

Power and energy efficiency
Neuromorphic computing platforms offer an advantage in terms of 
power and energy consumption when compared with traditional 
von Neumann hardware, particularly in tasks such as VPR where en-
ergy efficiency is crucial for long-term operation on battery-powered 

robots. We measured the power consumed by various components of 
the Speck neuromorphic processor while performing VPR (Fig. 3A). 
When the robot was stationary, the DVS generated very few events, 
which resulted in further reductions in power consumption. To 
quantify the energy savings of LENS deployed on the Speck proces-
sor relative to von Neumann hardware, we performed VPR using the 
place matching method of sum of absolute differences (SAD) (46) on 
an Intel i7-9700K central processing unit (CPU) and a NVIDIA Jetson 
Nano, which ran the hexapod (see the “Power and energy measure-
ments” section under Materials and Methods). After subtracting 
baseline CPU power use, we found that the Speck consumed an aver-
age of 2.7 mW, which is only 8.8 and 0.5% of the power required by 
the Jetson Nano and Intel CPU to run SAD, respectively (Fig. 3B).

The overall energy consumption (the integral of power over 
time) of the Speck was 327 mJ, with the Jetson using 2968 mJ and 
the Intel CPU requiring 61,427 mJ, meaning that, overall, our sys-
tem required only 8.9 and 0.5% of the energy needed to perform the 
same task on von Neumann hardware (Fig. 3C). Fewer pixel repre-
sentations of places still resulted in energy consumption far greater 
than what was required for LENS on Speck (see table S2). We also 

Fig. 2. Event stream processing using LENS. (A) Event streams were collected from the Spec2fDevKit board from an 80 pixel–by–80 pixel ROI using a DAVIS128 sensor 
as our hexapod robot moves through the environment. One place represents 1 s or ≈0.15 m of movement. The event stream was then used in two unique ways during 
mapping and localization phases. (B) During mapping, events over the 1-s time period were counted and flattened into a 2D temporal representation of the place. We 
used a convolutional selection kernel to pick the center pixel from the 2D image (see the “Model training” section under Materials and Methods), resulting in a 10 pixel–
by–10 pixel downsampled image. (C) Downsampled images were normalized in the range between 0 and 1 with pixel intensity determining spike timing in our LENS 
training regime, following (27). Using STDP across the network layers, we strengthened or weakened both excitatory and inhibitory connections if the spike occurred 
after or before presynaptic activity, respectively. (D) During localization, we forwent the temporal representation of places and used the raw event streams to continu-
ously activate and bias the LENS network on-chip. (E) We applied the same convolutional pixel selection as the first layer of our neural network, deployed on the Speck 
directly. Over the time collection period of 1 s, we accumulated output spikes from our model and made a place prediction on the basis of the neuron with the highest 
spiking activity.
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observed a prominent reduction in power and energy consumption 
deploying to Speck when running our LENS on von Neumann 
hardware (fig. S1).

Large-scale place recognition with compact models
To assess our system’s suitability for real-world scenarios, we 
evaluated its performance in large-scale environments using the 
Brisbane Event VPR dataset containing event streams from an ≈8-km 
route in Brisbane, Australia (Fig. 4) (45). This dataset is representa-
tive of a stable, four-wheeled robotic platform that our model could 
be deployed on. We generated 641 event frames of unique places by 
sampling over 1-s intervals from the dataset (Fig.  4B). To fit the 
model onto the Speck chip, we used a network architecture of 49 
input neurons, 63 feature layer neurons, and 641 output neurons 
(Fig. 4B). This was the largest and highest performing model archi-
tecture we could use to run our model on chip, balancing the num-
bers of input pixels and feature representations (fig. S6). We used 
the “sunset2” traverse for mapping (reference dataset) and the “sun-
set1” traverse for localization (query dataset). We also used the 
SAD method (46, 47) as a baseline comparison method, calculating 
pixelwise similarity between mapping (training) and localization 
(test) data.

We used spikes from the model’s output layer and the Euclidean 
distance calculated in SAD to generate similarity matrices and used 
sequence matching, which preserves the distances of sequence 
matches while nullifying cross-distances, improving localization 
precision during deployment time (Fig. 4C and see the “Online 
place matching” under Materials and Methods). The similarity 

matrix was used to compute Recall@N 
(the proportion of true place matches re-
trieved within the top N predicted match-
es) and precision and recall metrics, which 
evaluated how well the robot is correctly 
identifying its location as it moves through 
the environment. Although other meth-
ods for event-based place recognition 
exist, they require the reconstruction of 
images from event streams for deep fea-
ture extraction (48, 49). Hence, we elected 
not to compare our system with these 
methods because they require higher 
complexity and computational time than 
what is feasible to run on our robotic 
platform.

Both LENS and SAD generated simi-
larity matrices that closely aligned with 
the ground truth (Fig. 4C). LENS per-
formed best overall for Recall@N, achiev-
ing a Recall@1 of 0.88 compared with 
SAD’s 0.81 (Fig. 4D). LENS also demon-
strated better precision at lower recall, 
indicating higher confidence in its place 
recognition (Fig. 4E). The nonmonotonic 
behavior in some precision-recall curves, 
where precision temporarily improves with 
increasing recall, occurred when the rate 
of true-positive matches increased faster 
than false positives at certain threshold 
ranges. An SNN to achieve this degree of 

accuracy with an architecture of only 753 neurons across three layers 
showed promise for large-scale place recognition applications. We re-
quired the same amount of storage space capacity to store our model 
and the downsampled images for SAD, which was ≈179 kilobytes.

Localization performance during a navigation task
To evaluate our system’s real-time performance at the edge, we per-
formed VPR on our hexapod in both indoor and outdoor environ-
ments (Fig. 5). The model architecture was designed with 100 by 200 
by 75 for the input, feature, and output neurons, respectively. As il-
lustrated in Fig. 5 (A and F), the generated event frames correspond-
ed to the environment being traversed, particularly by detecting edges 
in the scene. The robot dealt with viewpoint and timing differences 
between the mapping and localization phases, given that the route 
paths differed because of imperfect teleoperation (Fig. 5, B and G). 
In comparison with the Brisbane Event dataset, the hexapod rep-
resented a more unstable and challenging platform to perform 
place recognition.

For the indoor task, LENS achieved a Recall@1 of 0.64, out-
performing SAD’s performance of 0.36 (Fig.  5, C and D). The 
precision-recall curve indicated that LENS achieved higher preci-
sion at lower recall values compared with SAD (Fig. 5E), suggest-
ing that LENS was highly accurate in its identification of places. In 
the outdoor task, LENS performed comparably to SAD with a 
Recall@1 of 0.33 and 0.29, respectively (Fig. 5, H and I). LENS 
also achieved a higher precision at lower recall, shown in the 
precision-recall curve (Fig. 5J). The reduced performance in out-
door environments was likely because of the increased number of 

Fig. 3. Energy efficiency of real-time VPR on a neuromorphic processor versus von Neumann hardware. 
(A) Power consumption was recorded across five components of the Speck neuromorphic processor, namely, IO, 
RAM, logic, VDDD, and VDDA, and the total. Start indicates when the robot began to move until the navigation task 
had finished, indicated by stop. (B) The Speck processor consumed substantially less total energy compared with 
the Jetson Nano and Intel CPU (C). The milliwatt and millijoule values are presented on a logarithmic scale for dis-
play purposes.
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turns in the trajectory, which caused widespread neuronal activa-
tion across the field of view. As indicated by the similarity matrix 
(Fig. 5H), LENS showed a higher amount of activity across multi-
ple output neurons. Figure S8 suggests that increased turning in 
the navigation route introduced noise, distributing spikes across 
more neurons.

Overall, our compact SNN model (130 to 150 kilobytes in size) 
demonstrated comparable performance for VPR tasks in multiple 
environments, with key advantages of real-time deployability while 
being highly power and energy efficient. By contrast, the SAD meth-
od required 388 kilobytes to store the images, ≈2.6 times the storage 
space needed for our model. Our system offered substantial benefits 

in terms of model size, making it feasible for deployment on compu-
tationally resource-constrained platforms.

Both SAD and LENS performed better on the Brisbane Event 
VPR dataset than during the on-robot VPR task (Fig. 5). The 
Brisbane Event dataset used a 346 pixel–by–240 pixel sensor (45), 
compared with the 128 pixel–by–128-pixel sensor (50) on our ro-
bot. In addition, the more stable platform (i.e., a car) used for data-
set collection could reduce errors from viewpoint variance or 
swaying movement observed with the hexapod (see movie S1). 
These results indicate that our proposed model can be effectively 
deployed for both short- and long-range place recognition tasks for 
robotic localization.

Fig. 4. Large-scale place recognition using a compact neuromorphic ecosystem. (A) Coordinate map of the Brisbane Event VPR dataset route (45), which represents 
an ≈8-km traversal and 641 unique place locations around the suburbs of Brisbane, Australia. (B) Event frames were generated in the same way as in robot experiments 
(Fig. 5). Pixels were selected randomly rather than by applying a 2D convolutional filter because of a larger event camera resolution used in (45). We selected pixels to 
generate event frames that are 7 pixels by 7 pixels in size. Our model architecture was modified to 49 input neurons, 63 feature layer neurons, and 641 output neurons to 
allow for on-chip localization. (C) Similarity matrices for both SAD and LENS, showing how the similarity for both methods aligns closely with the ground truth (GT). 
(D) Recall@N and (E) precision-recall curves for our method when compared with SAD. LENS performed best overall compared with SAD and also achieved better preci-
sion at lower recall, indicating that our system is more confident at the places it selected. The energy efficiency and compact model size of just 753 neurons with 44,000 
parameters highlights the benefit of our system.
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DISCUSSION
This work demonstrated a fully neuromorphic VPR system capable 
of real-time localization, which was successfully deployed on a 
hexapod robotic platform without any external sensing or computa-
tional resources. The LENS SNN model, characterized by its sim-
plicity and compactness, performed accurately across multiple 
environments and scales, demonstrating its versatility for a range of 
navigation platforms and tasks. Our system integrated with the 
Speck chip operated with one to two orders of magnitude lower 

energy than conventional von Neumann hardware, underscoring its 
viability for deployment on resource-constrained platforms such as 
unmanned aerial vehicles (51) and underwater (52) and locomotive 
robotics (53).

Our models were less than 180 kilobytes in size, with the largest 
containing only 44,000 parameters. Accurate localization with our 
compact model enables portable deployment on neuromorphic 
processors with higher memory capability for larger models to im-
prove overall performance (fig.  S6). Previous research has shown 

Fig. 5. Precision of a real-time neuromorphic robotic localization platform. We deployed our system on a hexapod robotic platform for on-device localization.  
(A) First, we tested an indoor environment by mapping and localizing along a predetermined route (B). Given that the hexapod was teleoperated, there are slight differences 
in viewpoint between the mapping and localization phases. (C) To analyze the precision and recall of our indoor environment, we generated sequentially matched similar-
ity matrices of the output spikes from all output neurons in our model while localizing. (D) Our compact system generally performed better than the SAD method for 
Recall@N, measuring accuracy in the top N matches, and precision recall (E). We then deployed our hexapod in an outdoor environment (F and G). The similarity matrix 
for the outdoor environment had more aliased incorrect matches than the indoor one (H), most likely because of the presence of multiple turns in the route. (I and J) In 
the outdoor task, LENS performed comparably to the SAD method in both the Recall@N and precision-recall evaluation.
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that accurate place recognition with event cameras can be achieved 
with as few as 25 pixels (47). Our system capitalized on this by bal-
ancing the number of pixels with the size of the feature layer to 
achieve the optimal performance (fig. S6). A limiting factor in this 
work was the memory capacity of the neurocores for Speck, which 
cap at 64 kilobytes per core. Overcoming this limitation with neuro-
morphic hardware offering higher memory capabilities could fur-
ther enhance the performance of large-scale place recognition tasks 
(fig. S6). Nonetheless, we have shown comparable performance for 
place recognition in highly compact spiking network models across 
multiple environments.

Our neuromorphic place recognition system uses real event 
streams directly for localization in a unique way, establishing a pre-
viously unreported methodology for event-driven place recogni-
tion. This work highlights the potential for substantial efficiency 
gains when using event-based DVS over conventional cameras, es-
pecially in scenarios where energy-efficient processing is critical. 
Unlike frame-based cameras, which operate continuously, the event-
driven DVS captures only essential changes, reducing data redun-
dancy and energy consumption. Our experiments encompass both 
a conventional benchmark dataset widely used in the robotics com-
munity (45) and a more challenging legged robot navigation task, 
ensuring that the localization accuracy of our method is evaluat-
ed across a diverse range of environments and baseline perfor-
mance levels. The accuracy achieved by LENS demonstrates its 
effectiveness within broader systems such as simultaneous local-
ization and mapping (SLAM), where geometric constraints and 
filtering methods can mitigate occasional inaccuracies (54–56). 
By using a more stable platform, such as a four-wheeled robot, 
our network is able to achieve high precision comparable to a 
benchmark technique. This demonstrates that our compact spiking 
network models perform comparably to conventional nonevent-
driven methods, highlighting the potential for further improve-
ments with future developments in neuromorphic hardware and 
algorithmic enhancements.

As observed in the similarity matrices for the localization tasks 
(Fig.  5), introducing many turns into shorter trajectories proved 
challenging for LENS in the outdoor hexapod experiment. Dynami-
cally adjusting these biases and parameters of DVS event streams to 
better handle these sudden motions could enhance accuracy across 
challenging environments (57). Continued development of this sys-
tem will focus on detecting and handling turning motions to im-
prove localization performance.

Another limitation of our system is the use of static, temporal 
representations of places generated from event streams using time-
window binning for model training (Fig. 2). Training our model di-
rectly on DVS event streams could help overcome the localization 
challenges observed in dynamic environments. Developing this 
would also facilitate online learning capabilities, where event streams 
are used directly to train network models in real time. This would 
enable the system to adapt to unseen environments on the go, poten-
tially incorporating introspective capabilities that allow the robot to 
recognize when it is uncertain about its location and learn accord-
ingly (58–61). In addition, using more information from the DVS 
sensor, such as including convolutional layers and self-supervised 
learning, could be useful to extract more features for enhanced per-
formance (62).

Integration of our neuromorphic system with other methods for 
navigation could be used to enhance and improve robotic localization 

performance. Dupeyroux et al. (63) developed a bioinspired path 
integration system for a hexapod robotic platform that would 
serve as a complementary method for VPR. In addition, other 
insect-inspired systems use methods such as goal approaching and 
collision avoidance, which allow for autonomous navigation in un-
seen environments, typically for homing tasks (11, 63, 64). Inte-
gration of these mixed-model paradigms is a promising method to 
be used in more comprehensive navigation systems such as SLAM, 
of which there are many neuroscience-inspired systems available 
(18, 65–67).

In conclusion, we present a fully end-to-end neuromorphic VPR 
system that performs accurate, low-power localization on robotic 
platforms. Our work has the potential to enable robots in the field to 
navigate further and conduct longer missions by reducing the com-
putational and energy demands of current vision systems (68). An 
important aspect of this work was to ensure that neuromorphic lo-
calization could be achieved on multiple robotic platforms, includ-
ing for resource-constrained scenarios. Our approach moves VPR 
toward efficient, versatile neuromorphic localization, unlocking pre-
viously unknown possibilities for autonomous robotic navigation at 
the edge.

MATERIALS AND METHODS
Model training
Our network models were trained on CPU hardware or a Jetson 
Nano using static temporal representations of event streams with 
pixel intensity values relating to the number of events collected over 
a 1-s time window, subsequently normalized in the range between 0 
and 1 (see Fig. 2). The network was trained using spike timing from 
an abstracted spiking method, where the pixel intensity value repre-
sents temporal activity (27, 69, 70). The network’s three-layer archi-
tecture (input, feature, and output) used unsupervised learning 
between the input and feature layers and a supervised delta learning 
rule for the feature-to-output layer.

Unsupervised learning applied STDP to update weights W, en-
couraging or pruning connections between neurons. Initial weights 
and connections were randomly generated from predetermined prob-
abilities, with connections either being positive (excitatory connec-
tion) or negative (inhibitory connection). From the input-to-feature 
layer, there was a 35 and 75% excitatory and inhibitory connection 
probability, respectively. The feature-to-output layer was fully con-
nected with an equal distribution of excitatory and inhibitory con-
nections. As spikes were propagated through the network, the layer 
weights were updated in the following way

where Wnm
ij

 is the connection weight between neuron j in layer n to 
neuron i in layer m, ηSTDP is the STDP learning rate, f n

j
 is the target 

firing rate of neuron j in layer n, Θ( ⋅ ) is the Heaviside step function, 
xm
i

 and xn
j
 are the neuron states x in the network layer i and j with 

connections m and n, and t is the time step. During weight updates 
throughout training, we did not specify any rule that says that 
weights must remain excitatory or inhibitory; however, we did not 
observe weights switching sign. That is, initially seeded connection 
types remained robust throughout training.

ΔWnm
ji

(t) =
ηSTDP(t)

f n
j

⋅

[

Θ
(

xm
i
(t−1)

)

⋅Θ
(

xn
j
(t)

)

⋅

(

0.5−xn
j
(t)

)]

(1)
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For supervised learning between the feature and output layer, we 
used a delta learning rule to force each output neuron to learn the 
feature representation of a single reference place (27, 69)

where xforce was the forced spike in the selected output neuron dur-
ing training. The hyperparameters used for our models can be found 
in table  S1, which were obtained by performing a hyperparam-
eter sweep.

Deployment time
The LENS framework leveraged SNNs on neuromorphic processors 
for computationally and energy-efficient place recognition. We de-
ployed our pretrained SNN model on a SynSense Speck2fDevKit, 
which incorporates the Speck neuromorphic processor with a 
128 pixel–by–128 pixel DVS (44) for event-driven, real-time local-
ization. This was in contrast with the training methodology, where 
event frames were generated by counting the number of events over 
a specified time window. Our localization system used truly asyn-
chronous event streams to continually bias and activate neurons as 
the robot navigated through the environment.

To optimize input size and remove low-activity pixels, we first 
selected an 80 pixel–by–80 pixel region of interest (ROI) in the top 
center of the sensor. Events from this ROI were processed using a 
2D convolution layer with a kernel size and stride of 8, which acted 
as the first processing layer of our SNN before the pretrained input 
layer and was deployed on chip. We set the center weight of the ker-
nel to 1, with all other weights at 0, effectively selecting the center 
pixel from each convolution to reduce the input to 100 neurons. This 
selection approach followed a previously established method for 
event-pixel selection (47).

The input neurons were sparsely connected to a linear feature 
layer of 200 neurons, with excitatory and inhibitory connection 
probabilities set at 35 and 75%, respectively. The feature layer was 
fully connected to the output layer, with the number of output 
neurons corresponding to the number of learned places (see the 
“Model training” section under Materials and Methods). Events 
were asynchronously collected and passed into our model, where 
constant-leak integrate-and-fire neurons propagated spikes across 
the network layers

where τ is the membrane time constant, v is the membrane poten-
tial, R is the constant resistance value used to match units between 
membrane potential and currents, Isyn is the weighted sum of all in-
put synaptic contributions, and Ibias is a constant bias.

Online place matching
Place matching was performed using real-time sequence matching 
(46, 71) to enhance the precision of our VPR model on the Speck. 
Spike counts from the output layer were collected in 1-s time bins 
and then averaged over four time bins (4 s), representing ≈0.5 m of 
robot movement (average speed of 13.5 cm s−1). All place and se-
quence matching was performed off-chip on a Jetson Nano during 
on-robot deployment or on a CPU for simulated experiments. Once 
four sets of output spike counts were gathered, representing about 2 m 
of travel, they were compiled into a distance matrix Mdist (Fig. 1D), 

which was convolved ( ∗ ) with an identity matrix �L to generate a 
sequence-based distance matrix Mseq , as previously described (71)

where a and b are the row and column of the matrix, respectively, 
and L is the sequence length, which we set to 4 matching the num-
ber of output spike counts. For the Brisbane Event dataset, we set the 
sequence length to 30. The choice of sequence length matters for 
both computational efficiency and evaluation performance, with 
shorter lengths favoring the former and longer lengths benefiting 
the latter (fig. S7).

After generating the sequence-based distance matrix Mseq , we 
performed place matching on the processed spike outputs. The 
matched places p̂b were identified as the places corresponding to the 
rows with the highest spike output in Mseq

where p̂b is the matched place for the bth sequence, a ranged over all 
database reference places, and Mseq(a, b) represents the sequence-based 
distance between the bth spike count set and the ath reference place.

Off-chip simulation of event streams
For power and energy consumption comparisons using LENS on 
neuromorphic and von Neumann hardware, we simulated event-
driven localization using event frames from the Speck energy ex-
periments (see the “Power and energy measurements” section under 
Materials and Methods). Integrate-and-fire neuron spike rates were 
generated using a time-based rate code

where It,h,w is a Boolean tensor with spatial dimensions h and w over 
t time windows, where 1 = spike and 0 = no spike. Rt,h,w ∈ [0, 1] is 
a uniformly random tensor, and Xh,w is the original input. Local-
ization was simulated over 1000 time windows with dt = 0.001 s 
to represent 1 s of output spike collection, similar to the online 
place matching (see the “Online place matching” under Materials 
and Methods).

Robotic deployment
We used the commercially available JetHexa hexapod (Hiwonder, 
Shenzen, China) customized with a 3D-printed mount to house 
the Speck2fDevKit (see Fig. 1). We also simulated a four-wheeled 
robotic deployment by evaluating our system on the Brisbane 
Event dataset (45), to highlight that our energy-efficiency perfor-
mance is robotic platform agnostic. Training data were collected 
by teleoperating the robot for a reference traversal. Real-time local-
ization was performed on the Speck neuromorphic processor with 
the pretrained model closely following the reference traversal. In-
door and outdoor datasets represented ~40 and 27 m of traversal, 
encoding 75 and 48 unique places, respectively. To ensure accurate 
ground-truth alignment between the mapping and localization 
phases, experiments were consistently started and ended at the 
same location.

Power and energy measurements
Intel CPU power was measured using SoC Watch, and NVIDIA Jetson 
Nano power was recorded with the jetson-stats Python package, 

ΔWnm
ji

(t)=ηSTDP(t)∕f
n
j
.
[

xm
i
(t−1)

(

xn
force,j

(t)−xn
j
(t)

)]

(2)

τv̇=−vleak+R ⋅
(

Isyn+ Ibias
)

(3)

Mseq(a, b)= �L
∗Mdist(a, b)∕L (4)

p̂b= argmax
a

Mseq(a, b) for each b∈1, 2, 3, 4 (5)

It,h,w =

{

1 if Rt,h,w <Xh,w

0 otherwise
(6)
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with baseline idle power subtracted in both cases to only measure 
the energy consumed for the VPR algorithms. Speck power tracks 
[input/output (IO), random access memory (RAM), memory, ana-
log power supply voltage (VDDA), and digital power supply voltage 
(VDDD)] were recorded at 20 Hz using SynSense’s samna package 
during testing (see Fig. 3 and movie S1).

Statistical analysis
We evaluated our system using Recall@N and precision-recall 
curves, two standard metrics for VPR studies (1). All statistical anal-
ysis was performed on CPU hardware. Our implementation of pre-
cision and recall matched methods used in other place recognition 
systems (12) (fig. S2). Recall@N measured the accuracy of the sys-
tem, such that, for N = 1, only the highest match was considered 
across all reference places, whereas, for N = 5, the top five matches 
were considered when calculating the accuracy, up to a maximum of 
25 potential places. Precision-recall curves were used to assess per-
formance by illustrating the relationship between precision and re-
call across different threshold levels for positive matches, calculated 
as follows

where TP is the number of true positives, FP is the number of false 
positives, and GTP is the number of ground-truth positives (1). Ini-
tially, precision and recall are undefined because there are no pre-
dictions; however, we initialize precision at 1 and recall at 0 for 
visualization purposes.

We used the SAD method for comparison, which computed pix-
elwise similarity across reference and query images and has been 
used previously for place recognition using event streams (46, 47). 
Pseudo–ground truth data were collected following (47) using Global 
Positioning System (GPS) correspondence between reference and 
query images. Pseudo-GPS and manually confirmed ground truth 
showed high correspondence, with the majority of places being ±1 
place label away (fig. S3). Further analysis of the accuracy of the 
pseudo–ground truth and applied tolerances were confirmed by 
near-identical results (fig. S4). We allowed a ground-truth tolerance 
of ≈1 m, which is equivalent to ±2 reference places, and a tolerance 
of ≈42 m for the Brisbane Event VPR dataset, which is equivalent 
to ±3 reference places. A visualization of the ground-truth, true-
positive, and false-positive matches for each similarity matrix can be 
found in fig. S5.

Supplementary Materials
The PDF file includes:
Figs. S1 to S8
Tables S1 and S2
Legend for movie S1

Other Supplementary Material for this manuscript includes the following:
Movie S1
MDAR Reproducibility Checklist
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