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Precise and high-frequency velocity measurement is essential for robotic laser material processing. 
Traditional vision-based methods, such as template matching, are limited by fixed frame rates and 
motion blur, reducing measurement accuracy. Event cameras offer a novel solution by capturing 
brightness changes asynchronously at the pixel level, focusing on salient features like edges. This 
makes them well-suited for capturing laser speckle patterns with improved temporal resolution and 
reduced data redundancy. This paper proposes a method for two-dimensional velocity estimation of 
laser speckle patterns using Spiking Neural Networks (SNNs), which naturally align with the asyn-
chronous output of event cameras. The approach frames velocity estimation as a regression task, 
where the SNN is trained and evaluated in a simulated environment replicating 2D motion patterns. 
A dedicated event dataset based on hexapod motion with sub-millimeter precision is used, and results 
are validated against laser tracker-based reference measurements. Demonstrating a max. mean 
squared velocity error of 0.0019 mm/s at 1 mm/s command velocity across diverse motion profiles 
including linear, circular and abruptly changing trajectories. The findings highlight the potential of 
SNNs and event-based sensing for accurate, high-speed motion estimation in laser-based robotic ap-
plications and point to current limitations and future research tasks. 
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1. Introduction 
The increasing complexity and diversity of production 

tasks, especially in high-wage economies, drives demand for 
advanced, flexible and low-cost automation solutions [1]. 
Laser Material Processing (LMP) holds promise for flexible, 
automated production using lower-cost robotic systems [2–
4]. Yet, its precision is limited by relatively high motion tol-
erances of conventional robot guidance systems [2,5]. Ex-
ternal metrology systems (e.g. laser trackers, iGPS, and vi-
sion-based setups) can monitor robot end-effector motion 
accurately but often provide limited update rates and are 
constrained by line-of-sight requirements. In contrast, laser 
speckle sensors can be integrated into the robot processing 
head and directly measure motion between the robot and the 
surface of the workpiece. Further, speckle patterns are 
highly sensitive to small displacements or motion. As such, 
Laser Speckle Imaging (LSI) has been successfully applied 
as non-contact laser speckle velocimetry solution to measure 
planar robotic tool speeds using image cross-correlation 
[6,7]. 

But commonly used camera chips (CCD or CMOS) cap-
ture full-frame intensity images at fixed frame rates. This 
limits temporal resolution and can reduce measurement ac-
curacy at higher velocities due to motion blur and decorrela-
tion of the speckle pattern in subsequent images. These 
drawbacks lead to a narrowing measurement range or forces 
a trade-off between accuracy and spatial resolution [7–9]. 
Unlike conventional frame-based sensors, event cameras op-
erate asynchronously and pixel-wise. Each pixel inde-
pendently reports an event once the perceived brightness 
change exceeds a predefined threshold. An event is de-
scribed by a tuple (𝑥𝑥, 𝑦𝑦, 𝑡𝑡, 𝑝𝑝), with the location of the pixel 
𝑥𝑥 and 𝑦𝑦 where an event was triggered at time t. Further, the 

binary variable polarity 𝑝𝑝  indicates positive or negative 
brightness changes. This new sensing paradigm results in 
data that emphasizes edges and their motion while ignoring 
static background information. Thereby, low-latency, high-
temporal-resolution data can be achieved, depending on the 
observed image and motion. Accordingly, event cameras ex-
cel at capturing high-speed motion with drastically de-
creased motion blur while offering large dynamic ranges. 
These properties make event cameras particularly attractive 
for speckle motion estimation, where temporal resolution 
and contrast are important for signal quality [10]. 

Ge et al. [11,12] applied event cameras to speckle-based 
distance measurement during motion by reconstructing in-
tensity images from event data and applying conventional 
correlation-based methods. While their approach achieved 
promising accuracy at low velocities (e.g., < 2 % error at  
2.5 mm/s), it relied on temporal integration of event polari-
ties to construct pseudo-frames, sacrificing the native tem-
poral fidelity of the sensor. To fully benefit from the asyn-
chronous output, data must be processed using specialized, 
non-frame-based processing algorithms [10]. 

Spiking Neural Networks (SNN) represent a biologically 
inspired class of neural models that are particularly well 
suited for processing the asynchronous, event-driven data 
produced by such cameras. In SNNs information is transmit-
ted via discrete temporal events — spikes — rather than con-
tinuous numerical activations [13,14]. In neuron models 
such as the Leaky Integrate-and-Fire (LIF) neuron, mem-
brane potential increases with incoming spikes and decays 
over time; a spike is emitted once the threshold is crossed, 
followed by a reset of the membrane potential [15]. This ar-
chitecture aligns well with event-based data, preserving tem-
poral dynamics and enabling full asynchronous, low-power 
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inference when deployed on neuromorphic hardware [14]. 
However, training SNNs remains difficult due to the non-
differentiable nature of spike generation inside a neuron 
model. A common solution involves the use of surrogate 
gradients—smooth approximations of the spike function—
to allow gradient-based optimization techniques [16]. 

Recent work [17–20] demonstrated that SNNs can suc-
cessfully process event streams for continuous regression 
tasks using surrogate gradient-based learning. Various de-
coding strategies, such as rate or membrane potential decod-
ing have been explored to achieve accurate motions estima-
tion and efficient computation. However, increasing net-
work depth and temporal resolution often introduces higher 
training complexity, requiring careful trade-offs depending 
on the application [17–20]. 

In this work, we present a novel approach combining 
speckle projection, event-based acquisition and a spiking re-
gression network trained via surrogate gradients for planar 
velocity regression. A dataset was generated under con-
trolled motion using a hexapod, with high-resolution ground 
truth provided by a laser tracker. The goal is to estimate con-
tinuous, axis-wise velocity components directly from asyn-
chronous event streams of laser speckle patterns. Specifi-
cally, the suitability of laser speckle signals for event-based 
motion estimation is investigated. It examined how SNNs 
can handle speckle-derived data in a regression task and as-
sessed which network architecture achieves highest accu-
racy in estimating 2d velocities. Further, variation of predic-
tion errors over different motion regimes, including linear, 
abrupt changing and circular trajectories is analyzed. 
 
2. Methods 

Neuron model - Spiking neurons are used to model the 
neuron dynamics. The accumulation of incoming spikes 
does constitute the membrane potential of a neuron, which 
leads to the creation of a spike when a threshold is reached. 
Depending on the synaptic weight the impact of an incoming 
spike on a neuron’s membrane potential is scaled while tem-
poral decrease of the membrane potential is given by the de-
cay factor. Various mathematical neuron models are de-
scribed in the literature [13,14]. The simplest is the Leaky 
Integrate-and-Fire (LIF) model. To be able to retain memory 
over time and improve the network ability to model sequen-
tial dependencies a recurrent LIF (RLIF) neuron model was 
used in this approach. The RLIF model introduces a feed-
back mechanism where the membrane potential at any given 
time depends not only on the external input but also on the 
neuron's own past activity. The membrane potential 𝑢𝑢t

(l)of a 
neuron at timestep 𝑡𝑡 and layer 𝑙𝑙 is updated as: 
 

𝑢𝑢t
(l) = 𝜆𝜆𝑢𝑢t−1

(l) + 𝐼𝐼t
(l) − 𝑆𝑆t−1

(l) + 𝜗𝜗𝑆𝑆t−1
(l) .         (1) 

 
Where 𝑆𝑆𝑡𝑡−1

(𝑙𝑙)  is the binary spike output from the previous time 
step, 𝜆𝜆 is the decay factor and 𝜗𝜗 is a recurrent weight applied 
to previous output spikes, which modulates the neuron's re-
sponse. 𝐼𝐼t

(l) is the input current at time 𝑡𝑡  [21]. 
The recurrent feedback can be interpreted as a form of self-
regulation, where past spikes contribute to future neuronal 
behavior, allowing for improved stability in learning and im-
proved learning for complex temporal dependencies [22]. 
 

Network architecture - The core architecture used in this 
work is a two-layer convolutional Spiking Neural Network 
(ConvSNN) similar to [17], which consists of two 2D con-
volutional layers. Each kernel has a size of 5×5 and a stride 
of 2 to progressively reduce spatial resolution while increas-
ing feature abstraction. The first convolutional layer applies 
16 channels, followed by 32 channels in the second layer. In 
contrast to [17] neurons are modeled as recurrent Leaky In-
tegrate-and-Fire (RLIF) units with fixed membrane decay 
constants—0.7878 in the first layer and 0.3939 in the sec-
ond—to balance temporal integration across the hierarchy. 
Spike thresholds were initialized with a base scaling factor 
and were learned independently for each layer during train-
ing, resulting in final thresholds of 0.9590 and 0.7132, re-
spectively. In Table 1 the network structure is summarized. 
 
Table 1 Hyperparameter Spiking Neural Network Architecture. 

Layer Conv 1 Conv 2 Fully connected Out-
put 

Kernel Size 5 x 5 5 x 5 - 
Channel 16 32 - 
Stride 2 2 - 
λ 0.7878 0.3939 - 
𝑉𝑉𝑡𝑡ℎ  0.9590 0.7132  

 
The output of the second convolutional layer is aggregated 

via Global Average Spike Pooling (GASP) [15,17], which 
averages spike activity across spatial and channel dimen-
sions. The pooled output 𝑔𝑔i(𝑡𝑡) for channel 𝑖𝑖 at time 𝑡𝑡 is de-
fined as: 
 

𝑔𝑔i(𝑡𝑡) = ∑ ∑ 𝑆𝑆i(𝑡𝑡,𝑥𝑥, 𝑦𝑦)y∈{0,…,H−1}x∈{0,…,W−1} .     (2) 
 
where 𝑆𝑆i(𝑡𝑡, 𝑥𝑥,𝑦𝑦) denotes the binary spike output at position 
(𝑥𝑥,𝑦𝑦), time 𝑡𝑡, and channel 𝑖𝑖, and 𝑊𝑊,𝐻𝐻 are the spatial di-
mensions of the convolutional output. This pooled represen-
tation is then passed to a fully connected layer that outputs 
two continuous values corresponding to the planar velocity 
components of 𝑣𝑣(𝑡𝑡) = [𝑣𝑣x,𝑣𝑣y]. 
 

𝒗𝒗(𝑡𝑡) = 1
𝑁𝑁

(𝑊𝑊[𝑔𝑔1. . .𝑔𝑔C]⊤)(𝑡𝑡).            (3) 
 
Here, 𝐶𝐶 denotes the number of channels in the final convo-
lutional layer, 𝑔𝑔i(𝑡𝑡) the pooled spike rate per channel, and 
𝑊𝑊 the learned weight matrix of the decode. Successive syn-
aptic weights are scaled by 𝑁𝑁 = 1/(𝑊𝑊 ⋅ 𝐻𝐻) to ensure scale-
invariance across input resolutions. [15,17] 

Loss Function - The Mean Euclidean Error (MEE) was 
selected as the loss function to measure the discrepancy be-
tween predicted and reference velocities [17]. MEE is com-
puted as follows: 
 

MEE = 1
𝑇𝑇
∑ ‖𝑣𝑣�t − 𝑣𝑣t‖2T
t=τ  .             (4) 

 
where 𝑣𝑣�t ∈ ℝ2 denotes the predicted velocity at time 𝑡𝑡, and 
𝑣𝑣t  the corresponding ground truth. The norm is taken in 
mm/s, making the error physically interpretable. To reduce 
the effect of transient signal behavior at the beginning of 
each training input, loss computation starts after a fixed time 
of 𝜏𝜏 = 20 ms. 
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Training - One widely adopted solution to train SNNs is 
the use of Backpropagation Through Time (BPTT) with sur-
rogate gradients [15,17,23]. The key idea behind surrogate 
gradient descent is to replace the non-differentiable Heavi-
side step function, which defines spike generation, with a 
differentiable approximation during the backward pass. 
Used surrogate function is the Sigmoid function: 
 

∂𝑆̃𝑆
∂𝑈𝑈

= 1
1+𝑒𝑒θ−𝑈𝑈

 .                  (5) 
  
Allowing gradient-based optimization technique Adam to be 
used with a learning rate of 0.0078 and a batch size of 32. 
Early stopping was employed based on two independent cri-
teria: 

1. Training plateau detection: triggered if validation 
loss failed to improve over 25 epochs. 

2. Output variance collapse: triggered if the standard 
deviation of predictions across a validation batch is 
below a predefined threshold (𝜎𝜎 < 0.01), indicating 
that the network converged to a trivial solution. 

Training input consisted of temporally segmented event 
sequences of 50 ms duration, with spatial dimensions of  
80×80 pixels and two input channels for event polarities. Se-
quences are used for training at random with a seed of 14. 
Continuous-time SNNs need to be discretized to be simu-
lated on GPUs. Each training sequence consists of 50 seg-
ments of accumulated event data aligned with the ground 
truth timestamp at a resolution of 1 ms. 

Bayesian hyperparameter optimization was used to ex-
plore architectural and training parameter configurations, in-
cluding learning rate, membrane decay constants, spike 
thresholds and network width.  
In addition to the final two-layer ConvSNN, several alterna-
tive architectures were initially explored, including deeper 
convolutional variants with three and five layers, a fully con-
nected spiking network (Forward SNN). To capture tem-
poral dynamics better a recurrent LIF neuron model (RLIF) 
was applied to the Forward SNN; however, these configura-
tions were not further optimized due to inferior performance 
or reduced training stability compared to the 2-layer Con-
vSNN. 
 
3. Experiments 

Experimental set-up - The experimental set-up used to 
create the training and evaluation data set is schematically 
shown in Fig. 1.  
 

 
Fig. 1 Schematic depiction of experimental set-up. 

 
Camera chip bandpass filter and laser are mounted to-

gether as one sensor head and positioned above the work-
piece in a fixed in position. The focus point of the laser and 
the camera chip are positioned 155 mm above the surface 
leading to a laser spot diameter of 6 mm on the workpiece.  
A Thorlabs CPS635R laser diode module, with a wavelength 
of 635 nm, a bandwidth of 15 nm and a max. output power 
of 1.2 mW is used. The bandpass filter FLH635-10 by 
Thorlabs Inc. with a central wavelength of 635 nm and a full 
width at half maximum of 10 nm is used to minimize the 
influence of surrounding light sources. The event camera 
used is DVXplorer by iniVation AG with a VGA resolution 
chip of 640x480 pixel and a pixel pitch of 9 µm. The readout 
ROI of interest is set to 80x80 pixel for all experiments. It 
offers a dynamic range of up to 110 dB, a temporal resolu-
tion of 200 µs and a maximum event throughput of 165 mil-
lion events per second (MEPS). The workpiece metal plate 
is moved relative to the fixed laser and camera with a hexa-
pod M-824.3DG by Physik Instrumente (PI) SE & Co. KG. 
The hexapod allows positioning in the x and y axes with a 
travel range of ±22.5 mm, while the z-axis travel range is 
±12.5 mm. The maximum achievable velocity is 1 mm/s. A 
laser tracker (LT) Leica Absolute Tracker type AT930 from 
Hexagon Metrology GmbH is used to measure 3d position 
of the hexapod during motion. Position measurements are 
available at 1000 Hz measurement frequency and a maxi-
mum error of 21 µm. The coordinate system of the LT is 
initialized with accordance to the hexapod coordinate sys-
tem. Event camera and laser tracker data capturing are syn-
chronized with hexapod motion execution via an external 
square wave trigger signal from a function generator, which 
is controlled by a python script. Event camera and tracker 
data include the received trigger signal. That way time-syn-
chronization of experimental data can be ensured by data 
preprocessing.  
 

Experimental plan - To generate the data set two types 
of trajectories are introduced. The first trajectory is a collec-
tion of linear motion segments of random direction and con-
stant velocity in the x-y-plane. Each linear motion segment 
is randomly sampled within the velocity and x-y-range of the 
hexapod. The goal is to create a data set that exposes the 
network to a wide variety of directions and velocities during 
the training and validation process. Data from linear motion 
is split in a training data set (90 %) and a validation data set 
(10 %). 

The second trajectory is a laser processing-ready adapta-
tion [5] of the ISO 9283 robotic accuracy trajectory. The tra-
jectory is given in Fig. 2. 
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Fig. 2 Laser Tracker position data of ISO trajectory after 45° rota-

tion. 
 

Main features analyzed later in the paper are marked by 
the red bounding box. The trajectory is solely used to evalu-
ate network estimation performance with regards to typical 
motion features as sharp edges, circular motion and axis-de-
pendent accuracy. 100 % of data is used as a validation data 
set. Further, generalization capability of the network can be 
tested using a previously unknown trajectory. 

Data pre-processing - To enable training and output eval-
uation of the network different pre-processing steps are ap-
plied to the recorded data set. The first step is time-synchro-
nization of the recorded laser tracker and event data by ex-
tracting the data between the first and last recorded trigger 
for each trajectory. Then timestamps of LT and event data 
are normalized by subtracting the first from all subsequent 
timestamps. Further, position data is normalized by subtract-
ing the initial position value from subsequent data to account 
for a potential relative offset between measured position and 
the coordinate system origin. Following, LT data was rotated 
by +45 ° around the z-axis of the LT coordinate system to 
align it with the x- and y-axis of the event camera chip.  

Velocity calculation and filtering - Between each 
timestep of 𝛥𝛥𝛥𝛥 = 1 ms between LT measurements constant 
velocity is assumed. Hence, reference velocity 𝑣𝑣t at timestep 
𝑡𝑡 can be calculated by differentiation:  
 

𝑣𝑣t =  𝑥𝑥(𝑡𝑡+𝛥𝛥𝛥𝛥)−𝑥𝑥(𝑡𝑡)
𝛥𝛥𝛥𝛥

.                 (6) 
 
Where 𝑥𝑥(𝑡𝑡) denotes the position tuple in all three axis direc-
tions recorded by the LT at time 𝑡𝑡. Due to the positional un-
certainty of the laser tracker 𝑈𝑈p = 21 µm high uncertainty 
in the calculated reference velocity 𝑈𝑈v relative to the maxi-
mum velocity of the hexapod can be expected. Uncertainty 
can be calculated by error propagation under the assumption 
of equal uncertainty at each timestep: 
 

𝑈𝑈v =  2𝑈𝑈p
𝛥𝛥𝛥𝛥

 = 42 mm/s .               (7) 
 
Due to the constant velocity assumption, high frequent fluc-
tuations of the velocity during motion are considered noise. 
To suppress high-frequency noise introduced by numerical 
differentiation of the laser tracker position data, a low-pass 
Butterworth filter was applied to the resulting velocity signal. 
This filter was chosen for its smooth frequency response and 
its ability to attenuate high-frequency components without 
distorting the underlying motion profile, making it well-

suited for preserving the slowly varying dynamics of the ref-
erence trajectories. 

Finally, reference velocities and event data are segmented 
by time into small batches to enable memory efficient simu-
lation and training. Each segment covered a 100 ms time 
window corresponding to 100 timesteps with 1 ms resolution. 
The event data within each segment are collected into voxels 
by binning event data into 1 ms slices. Leading to tensors of 
shape (100, 2, 𝐻𝐻,𝑊𝑊), where two channels represent the po-
larity, 𝐻𝐻 𝑥𝑥 𝑊𝑊  spatial resolution of the region of interest. 
This conversion preserved the temporal structure while ena-
bling input compatibility with spiking convolutional net-
works. Finally, each voxel event segment was paired with its 
corresponding sequence of reference velocity vectors de-
rived from the laser tracker data. This alignment resulted in 
temporally synchronized input–target pairs suitable for su-
pervised learning in SNNs. 
 
4. Results 

In Fig. 3 the accumulation of events over a 20 ms period 
resulting from the tracking of a laser speckle pattern during 
linear motion by means of an event camera is depicted.  

 
 

Fig. 3 Accumulated event data of 20 ms during linear motion ex-
periment. 

 
Positive (red) and negative events (blue) are observable in 

a dense distribution over the whole ROI of 80 x 80 pixel. 
Accumulations of events form traces in spatial-temporal 
space. Based on this event data, the SNN proposed in this 
paper is used to estimate axis-wise components of in-plane 
velocity. 

In Fig. 4 the density of velocities of the reference data is 
depicted for each axis direction before and after filtering of 
the data. 

 

 
Fig. 4 Axis-wise density distribution of  reference velocities be-

fore and after signal filtering, (a) velocity distribution in x-axis di-
rection, (b) velocity distribution of y-axis direction. 
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A narrower density distribution is observable besides 

higher and more distinct peaks in the plot for the filtered sig-
nal. Further a higher density around central velocities com-
pared to the edges of the distribution is visible for both axes.  

In Fig. 5 the recorded number of events per second for dif-
ferent reference velocity bins is depicted. 

 
Fig. 5 Number of events per second over different reference ve-

locities. 
 

A correlation between the events/s recorded and an in-
creasing reference velocity can be observed. But, for each 
distinct velocity bin depicted the events/s recorded are part 
of a distribution causing overlapping, ambiguous areas with 
higher and lower velocities in the plot. Further, at 0.9 mm/s 
the data shows large outliers, with event rates ranging from 
0 to 1000 events/s. This behavior was not present in the orig-
inal data and is expected to be introduced by the segmenta-
tion step during pre-processing.  
Only about 1000 data points out of 2.4 million are among 
those visible outliers hence the influence on the model is ex-
pected to be neglectable. During a standstill measurement 
without any motion of the surface a mean noise of 116.8 
events/s is present. In contrast at least 270000 events/s were 
recorded during motion at the lowest velocity. Meaning that 
the relative contribution of noise events to the signal is less 
than 0,05 %. 

Linear training and evaluation data set - In Fig. 6 the 
training loss curve of the best model is given for 14 epochs.  

 
Fig. 6 Mean Euclidean error of training and validation data for 

each epoch used. 
 

The training ended prematurely after 14 epochs as it 
reached a loss value with low change over multiple epochs, 
which is an early stopping criterion. A minimal training loss 
of 0.328 mm/s was reached. The validation loss remains 
lower than the training loss, but follows qualitatively the 

same trajectory with the fifth epoch marking the entrance to 
the lower limit mee.  

In Fig. 7 the estimation results of the SNN on the valida-
tion data set over a period of 100 s with the according esti-
mation error is depicted.  

 
Fig. 7 SNN velocity estimation comparison against ground truth 
with (a) showing the predicted velocity against the reference and 

(b) depicting the resulting error over time. 
 

In this period different patterns are observable which are 
similar for network output in y-axis direction. First, a rela-
tively high noise compared to the available velocity range of 
1 mm/s is observable with an error standard deviation of 
0.365 mm/s (see Table 2), which is close to the minimal 
MEE training loss. Further, high transients between veloci-
ties occur jointly with high error peaks. While mostly, the 
estimation seems to oscillate around a mean close to the 
ground truth, a once reached offset after the transient is ei-
ther constant or leads to further drift. But no correction of 
the error by the network is achieved over time. In Table 2 
the mean absolute velocity error (MAE) and mean squared 
velocity error (MSE) with the error standard deviation are 
given. 
 
Table 2 Axis wise MAE, MSE and Standard Deviation of SNN 
velocity output. 
 MAE [mm/s] MSE [mm/s] Std. Dev [mm/s] 
x-axis 0.0454 0.0035 

0.365 y-axis 0.0353 0.0022 
 

Mean errors are relatively low compared to standard devi-
ation of the error further indicating a strong oscillation 
around a lower constant deviation from the reference. The 
standard deviation of the filtered reference velocity signal 
with 0.3750 mm/s is even slightly higher. Error shows axis 
dependency with higher errors for velocity components in x-
direction. Lower MSE than MAE further shows a low influ-
ence of outliers on the error statistics. 
In total, a pearson coefficient of 0.9833 shows a high com-
monality between model estimation and reference values. 

In Fig. 8 the network output at abrupt changes of velocity 
for the x-axis component is depicted in detail and in com-
parison, to the reference velocity and a low-pass filter 
smoothed output of the network. 
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Fig. 8 SNN velocity estimation against ground truth zoomed tran-

sient. 
 

Chopped and shuffled training or evaluation data of linear 
motion leads to unrealistic transients of abrupt jumps in the 
ground truth. The network output follows quickly but during 
transition initial error is high and decreases over time until 
estimation has settled to a value close to the ground truth. 
This explains high error peaks for high transients. Further, 
the influence of error outliers on the statistics can be consid-
ered low as most velocities are low to medium velocities (see 
Fig. 4) and hence not that many high transients occur relative 
to the overall number.  
Additionally, during the adjustment of the model output, 
higher errors are accumulated, which deteriorates MSE and 
MAE compared to realistic transients. 

In Fig 9 the box plot of the prediction error for different 
velocity bins in both axis directions is depicted. 
 

 
Fig. 9 SNN velocity estimation error box plot. 

 
Besides the axis dependency of the error a velocity depend-
ency can be observed with increasing errors with the veloc-
ity. Further the number and spread of outliers increases with 
higher velocities.  

Generalization data set - The x-axis velocity component 
of SNN output for the ISO trajectory with the according es-
timation error is depicted in Fig. 10. 

 
Fig. 10 SNN velocity estimation in x-direction and according er-
ror with (a) showing the predicted velocity against the reference 

and (b) depicting the resulting error over time. 
 

The output of the SNN can follow the course of reference 
velocity with oscillations of max. 0.177 mm/s around the 
mean. But the error comes with a visible increase of the 
mean error at 𝑡𝑡1 = 300 s motion time and seems stay with 
constant offset until 𝑡𝑡2 = 400 s. In contrast the mean error 
jumps to mean error values close to zero at 𝑡𝑡2 = 500 𝑠𝑠.  
Point 𝑡𝑡1 marks the beginning of the circular motion feature 
while point 𝑡𝑡3 is at the start of the abrupt change of motion 
feature visible in the red marked area of Fig. 2. The x-axis 
velocity component of the SNN output for the ISO trajectory 
at the abrupt change feature is depicted in Fig. 11. 
 

 
Fig. 11 SNN velocity estimation at abrupt change feature. 

 
The five transients between different velocities can be well 

represented by the SNN output. Deviations occur during 
parts of constant velocity with small fluctuations. In Fig 12 
the error boxplot of the abrupt change feature is depicted. 
 

 
Fig. 12 Velocity estimation error box plot at abrupt change fea-

ture. 
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Axis dependency is visible for the abrupt change feature, 

but velocity dependency is not that prominent in both axis 
with y-axis errors being close to zero for both velocity bins.  

The x-axis velocity component of the SNN output for the 
ISO trajectory at the circular motion change feature is de-
picted in Fig 13. 
 

 
Fig. 13: SNN velocity estimation at circular change feature. 

 
The higher the slope of the curve the closer the SNN out-

put aligns with the ground truth. More subtle changes show 
higher deviations. In Fig 14 the error boxplot of the circular 
motion feature is depicted. 
 

 
Fig. 14 Velocity estimation error box plot at subtle change feature. 
 

Error axis dependency is observable with higher errors for 
x-axis motion components, but velocity dependency is not a 
pronounced pattern in the circular feature. Variance is larger 
than for the abrupt change feature for all axis and velocities. 
In table 3 an overview of the error statistics of the ISO tra-
jectory velocity estimation is given. 
 
Table 3 Axis wise MAE, MSE and Standard Deviation of SNN 
velocity output of ISO trajectory. 
 MAE [mm/s] MSE [mm/s] Std. Dev [mm/s] 
x-axis 0.0341 0.0019 0.2460 
y-axis 0.025 0.001 

 

Overall axis-dependency with higher errors for the x-axis 
estimation is visible for the ISO trajectory too, but each error 
metric is smaller than for the linear motion.  
In Fig 15 the box plot of the prediction error at the ISO tra-
jectory for different velocity bins in both axis directions is 
depicted. 

 
Fig. 15 SNN velocity estimation error box plot. 

 
Median error and variance are improved for higher veloc-

ities, which is an inversed velocity dependency compared to 
the linear motion results. Further, Axis dependency of the 
error is visible, with higher errors for x-axis motion esti-
mates. 
 
5. Discussion 

Event cameras typically produce sparse data, which can be 
challenging for event data processing solutions such as 
SNNs [10]. However, when laser speckle patterns are 
properly configured, they can generate dense event represen-
tations that are well-suited for SNN-based motion estimation 
as seen in Fig. 3. At the same time dense speckle patterns 
can lead to excessive event generation and contradict the 
fundamental advantage of event cameras, namely their abil-
ity to minimize redundant information by ignoring static 
background. This may lead to camera bandwidth saturation, 
introducing latency or information loss. Therefore, the 
speckle pattern size and structure must be tailored for the 
intended application. Possible solutions include distributing 
the speckle pattern across a larger pixel area by adjusting 
optical parameters such as the illuminated surface or the use 
of a different aperture size. Particularly when scaling to 
higher velocities balancing spatial pattern stability and 
speckle grain size becomes highly relevant as the signal pro-
jection on the sensor may exceed the event bandwidth.  
The observed variation in event rate despite constant motion 
(see Fig. 5) aligns with known structural properties of laser 
speckle fields [24–26]. Speckle fields consist of grains with 
spatially varying size and intensity due to stochastic inter-
ference of coherent light scattered by rough surfaces [6]. As 
event cameras are sensitive to brightness changes, the num-
ber of events triggered per pixel is directly influenced by lo-
cal speckle characteristics. Smaller speckles induce faster in-
tensity changes, resulting in more frequent events. This dis-
tribution of speckle sizes explains the continuous distribu-
tion of event rates observed in Fig. 5. The variation in 
speckle size is constant for our workpiece and laser combi-
nation and therefore the local event rate increases 
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proportionally with velocity. The event rate variation is al-
ways present. This variability leads to overlapping event rate 
bands, creating input ambiguities that the network cannot 
easily resolve. Consequently, the network struggles to cor-
rect estimation offsets or drifts, as multiple velocity states 
may yield similar input signals. This error source is to some 
degree inherent to the idea presented in this paper. The cur-
rent dataset, however, is limited to low velocities up to 1 
mm/s, which confines evaluation to fine motion. Extending 
the dataset to higher-speed scenarios will be an important 
next step to examine the scalability of these effects. 
    But, increasing the contrast of the speckle pattern, for in-
stance by narrowing the spectral bandwidth of the laser 
source, leads to sharper speckle edges due to higher temporal 
coherence [27]. Sharper intensity transitions result in steeper 
brightness gradients. When motion occurs, such a pattern 
would produce more localized and temporally precise events 
than a blurry, low contrast speckle pattern. As a result, the 
input signal becomes more structured and consistent and is 
beneficial for velocity estimation using SNNs. Particularly, 
it would help in suppressing ambiguity introduced by grad-
ual transitions in low-contrast regions.  

Static event noise contributes minimally to the total num-
ber of events recorded during motion, suggesting a negligi-
ble impact on estimation performance. As velocity increases, 
the relative influence of this static noise further diminishes. 
However, the accuracy of the reference data obtained from 
the laser tracker also limits performance. Measurement noise 
in the reference signal introduces uncertainty in supervision, 
affecting training stability and potentially contributing to 
fluctuations in prediction error. Improving reference data 
quality could therefore yield more consistent learning out-
comes. In addition to variations in the event signal, noise in 
the reference data has a substantial impact on estimation ac-
curacy. The standard deviation of the prediction error is 
comparable to that of the reference signal, indicating that the 
network has learned a similarly high sensitivity to noise 
through the supervision data. This reactivity can be benefi-
cial in dynamic situations, as demonstrated by the model’s 
accurate response to abrupt transitions in the generalization 
dataset. However, it also amplifies small fluctuations in the 
event input, leading to increased errors during subtle veloc-
ity changes (see Fig. 12). This behavior supports the need 
for preprocess filtering that was applied. The filtering step 
improved input-signal quality by narrowing the velocity 
spectrum to realistic values in range of the hexapod (<
1 mm/s) and producing more distinct features, as evidenced 
in Fig. 4. Further improvements could also be achieved 
through optimized training configurations, as the computa-
tional cost of simulating SNNs currently constrains temporal 
resolution and network depth. Higher temporal precision, 
while beneficial for accuracy, significantly increases hard-
ware demands, underlining the need for efficient implemen-
tation strategies. 

The centralized velocity distribution along both axes (see 
Fig. 4) confirms that low to medium speeds dominate the 
dataset. Despite this, estimation performance did not deteri-
orate at higher velocities in the ISO trajectory (see Fig. 15). 
In fact, performance improved, likely due to more consistent 
input signals under smoother, more natural transitions. In 
contrast, performance for high velocities in linear motion 
was lower (see Fig. 8), but this correlates with unrealistic 

velocity jumps introduced during preprocessing (see Fig. 7). 
These sharp transitions from low to high speed are not rep-
resented in the training data and cannot be accurately fol-
lowed by the network. Once higher velocities are reached, 
the network’s estimation stabilizes. A broader evaluation 
across different motion regimes and environmental condi-
tions will be needed to confirm generalization beyond the 
current setup and to benchmark performance against classi-
cal event-based processing methods. 

An axis-dependency error was observed across all experi-
ments, with higher errors for x-axis velocities. One potential 
cause includes undetected misalignments between the cam-
era, hexapod and laser tracker coordinate system, which 
could lead to an uneven projection of the true motion onto 
the camera axes. Such a misalignment would effectively dis-
tribute velocity components between the axes in a manner 
inconsistent with the intended ground truth, leading to sys-
tematic errors that differ between axes. Even small angular 
offsets of  𝜃𝜃 ≤  1 ° can introduce measurable cross-axis pro-
jection in low-velocity experiments. 

For a motion in pure x-axis direction of 𝑉𝑉x = 0.5 mm
s

 and 
an angular misalignment of 𝜃𝜃 = 1 ° a project velocity in y-
direction of: 

 
𝑉𝑉y = 𝑉𝑉x sin𝜃𝜃 = 0.00875 mm/s.            (8) 

 
would be measurable. Compared to error standard deviation 
this can account for an error of 3 %. 

The incident angle of the beam could further distort the 
spatial contrast distribution of the speckle field, which influ-
ences the event generation and could hence affect motion 
sensitivity differently across axes. Additionally, high veloc-
ity y-axis components seem to be a bit better represented in 
the data set than x-axis components (see Fig. 4) which could 
have influenced SNN training. Anisotropic behavior of the 
laser tracker error or hexapod motion accuracy may influ-
ence the accuracy of the reference data and contribute to this 
discrepancy. Future work should also consider deployment 
on neuromorphic hardware to validate real-time feasibility 
and assess performance under practical conditions. 
The validation loss remains lower than the training loss pre-
sumably because the training data are randomly segmented 
and shuffled, whereas the validation data preserves their 
original temporal order. The temporal continuity in the vali-
dation data makes the prediction task slightly easier as 
changes are less abrupt as the once visible in Fig. 8. Hence 
validation error is lower, but both curves decrease together 
and plateau, which indicates stable learning without overfit-
ting. Further, generalization across the full range of veloci-
ties and motion types was successfully demonstrated in the 
ISO trajectory. Realistic velocity transitions led to overall 
improved estimation accuracy. The model performed espe-
cially well during abrupt changes, indicating stable and re-
sponsive predictions in dynamic phases. While smooth di-
rection changes were also handled consistently, increased 
variance and error suggest reduced model performance in 
these segments. This could be attributed to the model’s sen-
sitivity to local changes in event rate, which are exaggerated 
in slow or gradually varying motions leading to higher noise 
in the prediction. Overall, the dominant source of error 
across all tests remains the fluctuation around the reference 
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velocity. With similar error standard deviations for both ve-
locity axes (see Fig. 6 and Fig. 9), this continues to limit per-
formance. Since the standard deviation of the error closely 
matches that of the reference data, reducing the influence of 
laser tracker noise could lead to substantial improvements 
particularly at lower velocities. At higher velocities the rel-
ative influence of the LT error is expected to diminish as its 
absolute error remains constant while signal magnitude in-
creases, indicating potential benefits for future higher speed 
experiments. 
 
6. Conclusion 

In this work, we investigated the application of Spiking 
Neural Networks for continuous-time planar velocity regres-
sion using event data. The results demonstrate that SNNs can 
successfully process the dense event stream generated by a 
moving laser speckle field. The approach shows promising 
performance across various motion scenarios with typical 
features of robotic motion. However, the evaluation has so 
far been limited to restricted parameter space in terms of ve-
locities and environmental variations. 
Future work will have to focus on optimizing the speckle 
pattern projection to able to control event data rate and re-
duce its variations. Especially with increasing data rates at 
higher velocities. Additionally, robustness against environ-
mental factors such as interfering with light from industrial 
environments needs to be addressed to enable real world ap-
plications.  
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