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Figure 1. Schematic representation of a recurrent vision transformer (RVT) model trained on simulated event data and evaluated on real

event streams.

Abstract

Event cameras promise a paradigm shift in vision sens-
ing with their low latency, high dynamic range, and asyn-
chronous nature of events. Unfortunately, the scarcity
of high-quality labeled datasets hinders their widespread
adoption in deep learning-driven computer vision. To mit-
igate this, several simulators have been proposed to gen-
erate synthetic event data for training models for detec-
tion and estimation tasks. However, the fundamentally dif-
ferent sensor design of event cameras compared to tra-
ditional frame-based cameras poses a challenge for ac-
curate simulation. As a result, most simulated data fail
to mimic data captured by real event cameras. Inspired
by existing work on using deep features for image com-
parison, we introduce event quality score (EQS), a qual-
ity metric that utilizes activations of the RVT architec-
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ture. Through sim-to-real experiments on the DSEC driv-
ing dataset, it is shown that a higher EQS implies im-
proved generalization to real-world data after training on
simulated events. Thus, optimizing for EQS can lead to
developing more realistic event camera simulators, effec-
tively reducing the simulation gap. EQS is available at
https://github.com/eventbasedvision/EQS .

1. Introduction

Event cameras [5] are neuromorphic sensors inspired by the
human retina, where rods and cones activate independently
based on the light stimulus received in real-time. Analogous
to this mode of operation, event cameras asynchronously
register pixel-level changes in the scene with precise times-
tamps in the order of microseconds. This results in a spa-
tially sparse but temporally dense data stream. Additionally,


https://github.com/eventbasedvision/EQS

the absence of a fixed exposure time frame makes these sen-
sors resilient to drastic changes in lighting conditions with a
dynamic range in the region of 120 dB [27]. These charac-
teristics make them ideal for vision applications in challeng-
ing tasks such as object detection in low-light [4, 25, 30],
over-exposure [12], high-speed motor control [29, 34], and
autonomous landing and flight [36, 45].

A single pixel of an event camera consists of three com-
ponents [27]: a photo receptor circuit, a differencing cir-
cuit, and a comparator. The photo-receptor circuit con-
verts photocurrent logarithmically into voltage, and the dif-
ference between these values is compared against global
thresholds in the comparator to determine when to fire an
event. Through this process, shot noise from photons, ther-
mal noise from transistors, and other non-idealities in clock-
ing and quantization [9] impart a stochastic nature to the
data captured by event cameras that exacerbates the chal-
lenge for models trained on simulated data to generalize.

One of the key enabling factors for the deep learning rev-
olution in computer vision has been the availability of large-
scale image datasets captured using widely available sen-
sors in cameras and smartphones. Due to their limited adop-
tion across the industry, there is an acute scarcity of large,
high-quality datasets captured using these sensors. To mit-
igate this limitation, several event camera simulators have
been proposed [3, 7, 14, 16, 20, 28, 32]. These simulators
have been utilized both for generating new datasets such as
SEVD [1] as well as event-based counterparts of existing
image datasets such as Event-KITTI [26], Yelan—Syn [48],
ESfP—Synthetic [33], N—EPIC Kitchen and N—ImageNet
[23]. Although these datasets have motivated much of the
initial research in event vision, the efficiency of models
trained using synthetic datasets on real-world data has not
been thoroughly investigated.

The primary difficulty in characterizing event streams
arises from how event data is structured. An event stream
is an array of (z,y, p,t) tuples, each indicating that the log
intensity at the pixel location (z,y) during the timestamp
t changed by a factor greater than pol x C where C' is a
constant threshold for a given scene. Therefore, existing
approaches convert event streams into an image-like 2D
representation before applying well-known image similar-
ity metrics such as structural similarity (SSIM) [46] or peak
signal-to-noise ratio (PSNR). SSIM and PSNR have been
extensively studied, and it has been shown in [43] that not
only are they unsuitable for directly comparing event frames
but also produce misleading results for grayscale frames re-
constructed from event streams with encoder-decoder mod-
els. Crucially, no measurement framework exists that com-
putes a differentiable similarity score directly between two
event streams without relying on an intermediate represen-
tation.

The LPIPS [47] metric proposed for image comparison
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has been shown to alleviate some of the aforementioned
shortcomings of traditional similarity metrics. The authors
show that the internal activations of networks trained for
high-level tasks such as classification are capable of cap-
turing the subtle differences in input data, such as blurri-
ness, and that these activations correlate strongly with hu-
man perception. [39] utilized the LPIPS loss for training
a UNet [40] architecture for reconstructing grayscale im-
ages from event frames, indicating that the activations of
a VGG [41] model can serve as an effective loss function.
[43] showed that the noise model used in simulated event
data has a significant impact on model performance and that
a simple zero-mean Gaussian noise to simulate background
events and a few uniformly selected ‘hot’ pixels improved
model performance for grayscale reconstruction from simu-
lated events. However, these approaches focus solely on the
accuracy of reconstructed image frames. Our framework
directly evaluates the quality of event streams analogous to
the approach used by [47] for frames without converting to
a 2D image-like representation first.

The proposed event quality score (EQS) measure takes
two event streams of arbitrary length as input and con-
verts them to a 4-dimensional tensor following the same
approach as [11] and passes them as input to a recurrent vi-
sion transformer network [1 1] pre-trained on event data for
object detection. The activations from the first three con-
volution layers from both input event tensors are compared
to yield a quality score that indicates how closely the two
event streams match. If performed between simulated and
real event streams, we show that this distance is strongly
correlated with the simulation gap. The key contributions
can be summarized as follows:

1. Propose EQ.S, which, to the best of our knowledge, is
the first quantitative and fully differentiable metric that
works directly on raw event streams and computes a dis-
tance measure.

. Show that the EQS metric correlates strongly with how
well a model trained on simulated data generalizes to
real-world data.

. Demonstrate the importance of bringing simulated
events closer to real data, both qualitatively as well as
quantitatively in terms of model performance.

The rest of the paper is structured as follows. Sec. 2.1
provides an overview of existing event camera simulators
and the methodology adopted by each for generating event
streams. Sec. 2.2 discusses prior works utilizing deep fea-
tures for analyzing image data. Sec. 3 highlights the sig-
nificance of the simulation gap by examining the drop in
performance when testing on real data after training with
simulated data. The theoretical details regarding how EQS
is computed are explained in Sec. 4, and the Sec. 5 presents
empirical results and subsequent analysis for the DSEC [12]
dataset.
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Figure 2. Simulated events from the V2E [16], ESIM [38], and PIX2NVS [3] event camera simulators and real event camera data visualized
as frames where red pixels indicate negative polarity and blue pixels indicate positive polarity.

2. Related Work

Initial work on event cameras generally utilized the DVS
and DAVIS cameras, followed by more sophisticated sen-
sors developed by Prophesee [37], iniVation [17], and Lu-
cid Vision Labs [31]. Early research in event vision was
dominated primarily by algorithms to create feature repre-
sentations of event data. Representations such as time sur-
faces [24] and HATS [42] underscored much of the initial
progress in creating machine learning models with event
data. As these sensors became more widely available,
real-world datasets such as DSEC [12], MVSEC [49] and
1Mpx [35], along with simulated datasets like SEVD [1]
and eTraM [44] facilitated training and fine-tuning of larger
models on event data.

2.1. Event Camera Simulators

Existing event camera simulators generally employ one of
the following strategies: (1) Render entire 3D scenes in en-
gines such as Blender, Unreal Engine [8] or CARLA [7],
place a virtual event camera in the scene and sample events
[38] [20] or frames [2] at frequencies similar to those of real
event cameras to generate a set of events or (2) Use video
or image sequences as input and generate event streams by
thresholding log intensity differences [16] [3]. Recently,
[50] proposed an end-to-end event generation model, and
[13, 14, 20] developed physics-aware simulators by param-
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eterizing the event generation process.

The ESIM [38] simulator takes a set of grayscale im-
ages as input and performs linear interpolation on the log-
intensity values at each pixel to reconstruct a piecewise lin-
ear approximation of the underlying signal and adaptively
samples this interpolated signal to simulate events. In con-
trast to previous works such as [32], which performed uni-
form sampling on this interpolated signal to generate events,
ESIM samples frames adaptively based on the estimated
motion field map or optical flow between sampled images.
Effectively, it samples events at a higher frequency from
sequences with fast motion and lower frequency when the
image signal varies slowly. In the absence of ground truth
camera trajectories, the adaptive sampling scheme based on
pixel displacement detailed in [38] may be used, wherein
the next sampling time ¢34 from ¢y is chosen as:

that =t + X V(s )]

where |V| = max,ecq |V(x; t))| is the maximum magnitude
of the motion field at time ¢; and A\, = 0.5 in the setup
detailed in [38].

Instead of utilizing the motion between frames, the V2E
[16] simulator seeks to realistically model the photon noise
inherent in event cameras using a DVS pixel model that in-
cludes temporal noise, leak events, and a finite intensity-
dependent bandwidth. The V2E toolbox converts RGB



. Open Timestamp
Simulator ‘ Source | Sampling Method Methodology
ESIM [38] Adaptive Renders synthetic images and uses adaptive sampling for event timing based on brightness changes. Models contrast threshold noise.
. Adaptive . . 1 .
Vid2E [10] (via ESIM) Extends ESIM by using SuperSloMo for temporal interpolation.
V2E [16] Frame Incorporates bandwidth limitations, leak events, and Poisson shot noise for simulation.
CARLA [7] Frame Incorporates uniform noise to pixel differences between consecutive image frames from the rendered 3D scene.
Prophesee Video to Events [37] X Frame Generates event streams using pixel-level interpolation.
PIX2NVS [3] Frame Simulates events based on log-intensity or contrast-enhanced differences between successive frames.
DVS-Voltmeter [28] Circuit-based Models voltage noise, photon noise, and temperature noise based on the circuitry of event cameras.
ADV2E [19] X Stochastic Simulates DVS circuit behaviors using continuity sampling and analogue low-pass filtering.
PECS [14] X N/A Works on 3D scenes in Blender. Models lens behavior, multispectral rendering, and photocurrent generation using ray tracing.
ICNS [20] Gaussian Noise Performs latency estimation using a delayed filter and light-dependent time constant.
EventGAN [50] N/A Learning-based simulator that utilizes Generative Adversarial Networks (GANSs) to produce event frames.
Gazebo DVS Plugin [21] Frame Threholds difference between consecutive frames of a video stream captured from sensors in the Gazebo 3D simulation.

Table 1. Summary of existing event camera simulators.

video frames to events by (1). Converting color to luma
and (2). Optionally interpolating the luma frames to in-
crease the temporal resolution of the video, (3). Performing
a linear to logarithmic mapping by using a linear mapping
for luma values L < 20 and a logarithmic scale for larger
values. This arises from the observation that DVS pixel
bandwidth is proportional to intensity for low photocur-
rents. This is followed by (4). The event generation model,
where it is assumed that each pixel has a memorized bright-
ness value L,,, and the number of events N, = [%J
where 6 varies with a Gaussian distribution with a value
drawn from 0.3 + A (0, o¢) with 09 = 0.03. The V2E sim-
ulator also models ‘hot pixels’, which fire events even in
the absence of intensity change and spontaneous ON events
called ‘leak noise events’ by continuously decreasing the
value of L,, by a random amount at each pixel location.

Another relatively early approach, the pixel-to-NVS
simulator (PIX2NVS) [3] generates event tuples F, =
(Te, Ye, te, Pe) from a sequence of pixel-domain video
frames Fy, I, ..., Fy. The RGB pixel values are first
converted to luminance values using y; ; = 0.299R; ; +
0.587G;,; + 0.114B; ;, which are then converted to log-
intensity using a log-linear mapping:

Yi,j < Tiog
Yi,j > Tiog

yi,j>

l
In(yi,;),

2V

where T}, threshold controls the switch between linear and
log mapping. For lin-log intensity, it is set to a value approx-
imately 10% of the maximum value. For event generation,
the difference between luminance values and the average of
the weighted neighborhood of luminance values in the pre-
vious frame is calculated, and the polarity is determined by
the sign of this difference:

1]

1 1
> p=olivzp—13[n =1+ 37 o lijrap-1[n —
dij = lij— 1
o ON, Sgn(dm) =1
" |OFF, sgn(di;)=—1
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The corresponding event is generated if |d; ;| exceeds a
fixed threshold and is added to the set of events between
the two consecutive frames considered. The event data pro-
duced by each of the simulators is qualitatively compared
in Fig. 2.

2.2. Deep Feature Spaces

In contrast to traditional frame-based data, event data are
characteristically sparse in the spatial domain and much
denser in the temporal domain. Thus, effective feature rep-
resentations must capture both the spatial and temporal as-
pects of the event stream. The recently proposed recurrent
vision transformer (RVT) [11] mixes spatial and temporal
features, utilizing transformer layers for spatial feature ex-
traction and recurrent neural networks for temporal feature
extraction. Although only activations from the initial con-
volution layers have been taken for quality evaluation, it
should be noted that the LSTM hidden states may also po-
tentially be utilized for a stronger emphasis on temporal fea-
tures.

It has been shown that feature space division [22] oc-
curs when deep convolutional neural networks are trained
on classification tasks, which leads to the activations diverg-
ing for each target class after training. It is reasonable to as-
sume that the output of the penultimate layer would refer to
a vector that captures the properties of the input in abstract
dimensions, such as perceptual quality [47], aesthetics [18],
or faithfulness to the text prompt [6]. More recently, this ap-
proach has been utilized to estimate the distances between
the distributions of real images and those generated by an
algorithm. The classical approach for this is the Frechet In-
ception Distance [15], which estimates the distance between
a distribution of Inception-v3 features of real and generated
images.

3. The Motivation

A qualitative visualization of real and simulated events is
shown in Fig. 2. The visualization parameters were kept



constant for each event stream to aid a fair comparison, de-
spite each simulator generating a different number of events
for the same input image sequence. Qualitatively, it can be
seen that the nature of noise in the real event camera data is
significantly different from that of the artificial noise added
by each simulator. It should be noted that the ESIM output
appears darker due to a lower number of events generated at
the same pixel position compared to the V2E and PIX2NVS
simulators.

By keeping the number of events plotted constant, the
objective is to bring out the differences in how the events
are distributed in the simulated event streams compared to
that of the Prophesee Gen 3.1 camera. We hypothesize that
these differences in the noise models between real and sim-
ulated events cause deep learning models trained on sim-
ulated event data to overfit to the noise, which results in
sub-optimal features being extracted when tested on real
data. This is substantiated by establishing a baseline per-
formance gap by training an RVT-small model on synthetic
data produced by each simulator and testing on the actual
DSEC test set. These results are summarized in Tab. 3. No-
tably, the higher error on the simulated test set for the model
trained on PIX2NVS data indicates that the simulated data
fails to represent objects of interest in the synthetic event
stream. From the mAP scores reported in Tab. 3, it can be
seen that the accuracy drops by around 50% when transi-
tioning from simulated to real data for V2E and ESIM, and
a much larger gap of about 69% in the case of PIX2NVS.
Intuitively, a good event quality measure should be able to
detect this and assign a lower score to the event stream gen-
erated by this simulator. It is demonstrated in Sec. 5 that the
corresponding QS values agree with this notion.

4. Event Quality Score (EQS)

To work around the severe lack of high-quality event camera
data for common tasks in computer vision, such as pose es-
timation and object detection, several simulators have been
proposed, such as V2E [16], ESIM [38], and end-to-end
models like EventGAN [50] have been proposed. The qual-
ity of the data generated by such methods is usually demon-
strated indirectly by showcasing the accuracy of the model
trained on simulated data on some downstream task. How-
ever, this evaluation is also hindered by the lack of labeled
real event camera data. To the best of our knowledge, no
numerical metric exists that directly computes a similarity
score between two sets of raw events. This brings us to the
question: How to meaningfully measure the distance be-
tween two event streams?

The evaluation metric proposed works directly on the
generated event streams. The benefits of directly comparing
event streams are twofold: (1) Both spatial and temporal in-
formation can be considered in the evaluation as we do not
convert events to an image-like representation, and (2) the
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metric becomes independent of the downstream task, such
as object detection or action recognition. The features ex-
tracted by a recurrent vision transformer network are used to
perform this computation. The mean cosine similarity be-
tween the extracted features from each input event stream is
taken as the similarity score.

Let E = {ey,, et,, ..., €, } Tepresent a stream of events
where each event e;, = (zy, Yk, tr, Pr) is a tuple with po-
larity py € {1,—1} and |t,, — t1] ~ AT. An event tensor
representation is created from event streams in a manner
similar to [11]. T temporal bins are created and the positive
and negative polarity events that occur within a fixed time
interval §t are accumulated separately to create a tensor X
with shape (27, H, W) where H and W are the height and
width of the event camera sensor. This tensor representation
is compatible with 2D convolutions and can be taken as in-
put to any model with convolution operations, such as Yolo
or recurrent vision transformer. The overall architecture for
our framework is schematically shown in Fig. 3.

4.1. Latent Feature Similarity (LFS) Block

First, event tensors are created for real and simulated event
data using the method described in Sec. 4 and each tensor is
passed to a pre-trained, deep convolutional neural network.
Our approach is built on the hypothesis that the sim-to-real
gap for event-camera data can be captured in the representa-
tional space of the network’s activations. The feature maps
generated by the convolution layers of the model are ex-
tracted and the cosine distance across spatial and temporal
features of the network are computed. Although the pro-
posed method can be adapted for all the activations across a
given model, we limit our analysis to convolution layers for
interpretability.

Both real and simulated data are passed through a pre-
trained recurrent vision transformer network, leveraging
both its spatial and temporal feature extraction capabilities.
Specifically, the LFS block takes these two sets of activa-
tions to compute a similarity score. We extract the feature
maps produced by each convolution block and create a 1D
tensor across depth channels by averaging over patches in
the spatial domain. For the RVT model, the choice of LFS
patch size for each scale is discussed in Sec. 5. Let Z; be
the output of the self-attention block for the i*" RVT block
in the original formulation from [11]. As shown in Fig. 3
the RVT block at each scale ¢ computes:

(hi, Ci) = COTL’ULSTM(Z“ hifl, Cifl)
0; = o(Conv(Z;) + Conv(h;))
Xit1 = h; + Conv(o(Conv(LN (ht))))

where h; and ¢; represent the hidden state and cell states re-
spectively, LN denotes layer normalization and o; is the ac-
tivation output from the 7*" scale of the RVT block. Let o;,
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Figure 3. (a). Dataset with frames and their corresponding synchronized event streams. Simulated events are generated using frames as
input, and both sets of events are composed into tensors as discussed in Sec. 4. (b). For each scale in the RVT model, cosine distances are
calculated between the feature maps from corresponding convolution layers and aggregated to obtain the final score.

and o;,_, represent the activations from the ¢, scale of the
RVT block for two event streams el and e2 respectively. For
each scale, a fixed patch p; is taken as described in Sec. 5.
For each non-overlapping patch, the following vector is cre-

ated
1
Vei=4 7 Oici[p;
{|pz-||§; “”}

such that || V;|| is the number of channels in o;_, . Thus, Vg;
becomes a 1D vector for each patch. Taking the vectors V.
and V,o, cosine similarity is calculated as usual and sub-
tracted from 1 to produce a distance metric for each patch.

Vel . Ve2

cS,, =1— ——=—
" Vel Vez|

The C'S), scores are averaged across the spatial dimension
to obtain a quality score that quantifies the divergence be-
tween the two sets of events in latent feature space. It is
worth noting that any bounded distance metric can be used
for this purpose, but a comprehensive analysis of which dis-
tance measure best captures the simulation gap is beyond
the scope of this paper.

5. Experiments

For a set of synchronized RGB images and event streams,
the DSEC [12] dataset was selected. DSEC is a stereo
dataset consisting of a pair of Prophesee Gen3.1 event cam-
eras with a resolution of 640 x 480 px synchronized with
RGB cameras with 1440 x 1080 px resolution and a frame
rate of 20 Hz. The RGB frames are converted to grayscale
and taken as input to each simulator for generating event
streams. For the events generated by the following simula-
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tors: ESIM [38], V2E [16], and PIX2NVS [3], we compute
the £QS between the simulated and real event streams.

The DSEC dataset provides RGB frames along with the
corresponding synchronized event data. This is important
for evaluating event simulation accuracy as simulated event
datasets are generated with ESIM [38], V2E [16] and the
Pix2NVS [3] simulators, and the EQS is computed be-
tween each set of simulated event streams and real event
camera data. Notably, DSEC is also a stereo dataset, but
for the experiments covered here, the data from one set of
sensors is sufficient. To evaluate the fidelity of these simu-
lated datasets, the quality score for the entire DSEC dataset
and the same for the first 300 frames of five representative
sequences is shown in order to highlight the inter-sequence
variation. The results are summarized in Tab. 2. As shown
in Fig. 3, we utilize the activations from the conv layers
in the first three RVT blocks that downscale the spatial di-
mension by factors of 1/4, 1/8, and 1/16, respectively. For
each feature map, the spatial dimension is divided into equal
chunks of (3 x 3) patches with zero padding if necessary and
the cosine similarity score is averaged across all patches.
We report the £Q S for each simulator over each sequence,
where the mean across all sequences can be considered to
be the representative score for each simulator.

5.1. Evaluating Generalization Performance

All sequences from the DSEC dataset are run through each
simulator and corresponding train, test, and validation sets
are generated. The RVT-small [11] model is trained from
scratch on this data and tested on the original DSEC test set.
Tab. 3 summarizes the performance of each simulator on the
simulated and real test sets from the DSEC dataset. Quali-
tatively observing the data samples generated by each sim-
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Figure 4. Detection output samples for RVT-small model on real event streams after training on simulated datasets generated using the

ESIM, V2E, and PIX2NVS simulators.

EQS

DSEC Sequence |75 ESII\?I [ Pix2NVS
interlaken_00_c 0.66 0.72 0.44
zurich_city 0l_e | 0.83 0.88 0.52
zurich_city 04 f | 0.74 0.79 0.61
zurich_city_14 b | 0.81 0.91 0.74

thun_01_a 0.75 0.84 0.69

Average 0.758 | 0.828 0.599
DSEC Average | 0.773 | 0.866 0.501

Table 2. The EQS for each simulator over the first 300 frames
of 5 randomly chosen sequences and across the entire DSEC [12]
dataset

Simulator DSEC Test Accuracy (mAP)
Simulated | Real
V2E 37.1 14.3
ESIM 34.4 18.6
PIX2NVS 17.1 05.4

Table 3. Comparing performance of the RVT-small model on the
original DSEC test set after training on event data simulated from
frames

ulator in Fig. 2 as well as the £Q S generated by our quality
metric, we can see that the ESIM simulator achieves signifi-
cantly superior performance on the DSEC test set alongside
a higher £QS. This shows that the ESIM simulator is bet-
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ter at mimicking the noise model found in the data gathered
by the Prophesee sensor compared to V2E and PIX2NVS,
as predicted by the higher EQS in Tab. 2.

6. Conclusion and Future Work

Although a wide range of simulators have been proposed
that either generate event-based data from frames or render
a virtual 3D environment, current simulators are restricted
by the simplicity of their event-generation algorithms that
largely ignore the nuances of actual event generation. To
the best of our knowledge, EQS is the first fully differ-
entiable metric that directly measures how closely a sim-
ulated event camera stream mimics real data. Effectively,
the £QS quantifies the distance between two raw event
camera streams, analogous to the KL-divergence loss com-
monly used to train generative models. We train a detection
model on simulated event data and evaluate it on a real-
world driving dataset to demonstrate that EQ.S is tightly
correlated to the model’s generalization capabilities to real-
world data. Therefore, we anticipate that this can poten-
tially be used as a loss function to optimize machine learn-
ing models that take image frames as input and generate
corresponding event streams that are close in distribution to
real event data. Thus, the EQS can be used to guide the
development of the next generation of event-camera sim-
ulators, which has the potential to mitigate the difficulties
caused by the lack of large labeled event-camera datasets
for specific applications in computer vision.
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