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a b s t r a c t 

Different from traditional frame-based cameras, event-based dynamic vision sensor (DVS) converts the 

visual information into spatiotemporal event streams. Convolutional neural networks (CNNs) have re- 

cently achieved outstanding classification performance while require a very large number of annotated 

samples. However, a lack of available large-scale event-stream datasets prevents application of CNNs to 

classification of such event streams. In this work, we show how the deep representation learned with an 

originally optimized CNN is efficiently transferred to the event-stream classification tasks. In our classi- 

fication method, a spike-event temporal coding is used to encoding the spike-event information of each 

pixel. This temporal coding mechanism is implemented based on the subthreshold dynamic of the leaky 

integrate-and-fire (LIF) model. Three popular event-stream datasets were used to evaluate the perfor- 

mance of the proposed method. Results show that the proposed method leads to significantly improved 

classification accuracy, outperforming the current state of the art methods on the three event-stream 

datasets. Besides, the robustness of our method was verified in the MNIST-DVS dataset when Gaussian 

temporal noises were added to the timestamps of the events. Finally, we find that fine tuning with a 

small amount of event-stream data would improve the classification performance. This work can be eas- 

ily extended to more complex scenarios and more fascinating and potential visual applications. 

© 2018 Elsevier B.V. All rights reserved. 
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. Introduction 

Compared to the traditional frame-based cameras, dynamic

ision sensor (DVS) encodes the visual information into event

treams in the working way of biological retina [1–3] . Each DVS

ixel independently and asynchronously responds to the bright-

ess change, and outputs an event whenever the change exceeds

 pre-defined threshold. The event stream is usually in the for-

at of address event representation (AER). In the AER stream,

ach event is denoted as a quadruple ( x, y, t, p ). The x and y de-

ote the position of the pixel. The polarity p = 1 denotes the in-

reasing brightness and p = −1 denotes the decreasing brightness.

he timestamp t denotes the time when the event is generated.

VS sensor removes the information redundancy with output-

y-demand nature and energy-saving advantage. This kind of

iomimetic sensor has many potential applications in self-driving,

eal-time tracking [4–6] , robots requiring fast control [7] , monitor-
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ng [8] and so on, for the advantages of low latency and minimal

edundancy. 

In many real visual applications, robust recognition and classi-

cation of the event streams are demanded. In general, these clas-

ification methods consist of two parts, i.e., feature extractor and

lassifier. Good feature representation is generally beneficial for the

ubsequent prediction. Recently, many works [9–16] have been re-

orted to solve such a problem. In [16] , a feed-forward categoriza-

ion system combining bio-inspired cortex-like features and a tem-

otron classifier is proposed with state-of-the-art performance on

 range of data sets. In [14] , a statistical learning method combin-

ng bag of events (BOE) features with a support vector machine

SVM) classifier is remarkably fast while preserving a good classi-

cation accuracy. Although these methods have achieved satisfac-

ory performance, these low-level hand-crafted features have much

imitation for the classification of complicated patterns. Besides,

ome works based on spike-based neural network have reported.

n [15] , an event-driven neural network is proposed and achieves

he pseudo simultaneity property between AER sensing and pro-

essing. In [13] , a spiking deep belief network (SDBN) is proposed
or feature extraction and classification at event level. These event- 
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level methods require the complex event-driven hardware which

will be limited in many real applications. 

Convolutional neural networks (CNNs) [17–22] have achieved

great success in many classification tasks of computer vision. How-

ever, a lack of existing large-scale event-stream datasets prevents

application of CNNs to event-based vision. To overcome this limita-

tion, transfer learning [23,24] is used for learning the feature rep-

resentation with CNNs pre-trained on large frame-based datasets.

Transferred deep representations have been successfully used in

many classification tasks and shown unprecedented successes in

diverse classification, localization and recognition tasks. A spike

coding method is used to convert the AER events of each pixel

into a meaningful real value, because we cannot directly extract

the deep representations from spatiotemporal event streams. Spike

coding [25] characterizes the relationship between the stimuli and

the neural representations. In general, rate coding [26] and tempo-

ral coding [27,28] are two well-known neuron coding mechanisms.

Although rate coding is the simplest coding method to constitute

stimuli by counting the number of events, the temporal informa-

tion in rate coding is lost. In fact, the timestamps of the AER events

carries important information of the dynamic scenes. Compared to

rate coding, temporal coding carries more information. Subthresh-

old dynamic of a neuron model can be used to convert temporal

information into membrane potential which is taken as the cod-

ing value. Among many neuron models, the leaky integrate-and-

fire (LIF) neuron is simple which consists of a capacitor in parallel

with a resistor. Besides, this LIF model has been the basic com-

puting model in many neuromorphic computing hardware, such as

the TrueNorth. Then we use a LIF model to encode the temporal

information of the AER events. 

This work addresses the classification problem of event streams

by combining temporal coding of events and the deep feature

representation learned with CNNs. Three popular event-stream

datasets were used to evaluate the performance of the proposed

method. The first one is the MNIST-DVS dataset [29] containing

10,0 0 0 event-stream recordings. The second one is the AER hu-

man posture dataset [14] containing three types of postures. The

third one is the Poker-DVS dataset [29] consisting of four symbols

of cards. In addition, robustness of the proposed method was veri-

fied by adding Gaussian temporal noises to the MNIST-DVS dataset.

The proposed method significantly improved classification perfor-

mance outperforming the state of the art on three event-stream

datasets. 

The paper is organized as follows: Section 2 presents the

methodology of our work containing the temporal coding mecha-

nism, deep representation and fine tuning. A rotating experiment

is presented to verify the effectiveness of the temporal coding.

Section 3 presents the experimental results on the three event-

stream datasets. Finally, Sections 4 and 5 present the discussion

and conclusion. 

2. Methods 

Fig. 1 shows the framework of the proposed event stream clas-

sification method. Motion symbol detection is used to accumu-

late the event stream into multiply segments. The temporal cod-

ing of spike events is implemented with an array of LIF mod-

els. An originally optimized CNN on a frame-based datasets is

used for learning the deep representation of event streams. Fi-

nally, a SVM classifier with a linear kernel is used for classifying

the deep features. Section 2.1 presents the temporal coding mech-

anism. Section 2.2 presents the CNN architecture for learning the

deep representation. Section 2.3 presents the fine tuning strategy

for the target event-based task. 
.1. Temporal coding 

Temporal coding of events is implemented based on the sub-

hreshold dynamic of the LIF model by forbidding the neuron from

ring spikes. Membrane potential of the model is taken as the cod-

ng value. By adjusting the parameters of the LIF model, the cod-

ng value of each event is limited to between 0 and 1. Compared

ith the rate coding which just counting the number of the events,

emporal coding have several advantages. First, the temporal cod-

ng considers the precise temporal information which is lost in rate

oding. Second, the temporal coding can represent more amount

f information because each single event is represented as a real

umber between 0 and 1, while in rate coding the single event

s 1. Third, the temporal coding is more discriminative. For exam-

le, two event sequences with each containing three events are

bserved. The events in the two sequences have different times-

amps. By rate coding, they are both represented as 3, while they

an be represented as different values by temporal coding. 

Although the DVS is an event-based device, a single event is

mpossible to be regarded as a source of meaningful information

ource. Many works accumulate the event streams into multiple

egments on which feature extraction and classification are per-

ormed. Two classes of segment methods exist for motion symbol

etection, i.e., hard events segmentation (HES) and soft events seg-

entation (SES). In general, SES is implemented using the thresh-

ld effect of a neuron model. If the membrane potential exceeds a

re-defined threshold, a segment is generated and the neuron will

e reset to 0. In HES method, a fixed time slice (e.g., 100 ms) or

xed number of events (e.g., 500 events per segment) is used to

ivide the event stream. HES is simple and low-complexity com-

ared to SES. In this work, HES is used to divide the event streams

nto multiple segments. Once a segment is generated, the tempo-

al coding of the segment is almost simultaneously ended, and the

utput matrix is sent to the CNN for extracting deep feature. At

he same time, the LIF models of the coding layer are reset to 0

nd started to respond to the event streams and generate mem-

rane potential for the next segment. 

Let S 1 , S 2 , S 3 , … be random variables describing the occurrence

imes of event train generated by the pixel of the event-based sen-

or. An event train in a time slice T is denoted as S 1 = s 1 , S 2 = s 2 ,

 3 = s 3 ,… for some collection of times 0 ≤ s 1 < s 2 < s 3 < … ≤ T . The

vent sequence can be written in the following form of δ-

unctions, 

 = 

∑ 

i 
δ(t − S i ) (1)

The subthreshold dynamic of the LIF model is represented as

ollows: 

du (t) 

dt 
= −(u (t) − u rest ) + KS (2)

here μ(t) denotes the membrane potential which is a function

cross time and τ is the membrane time constant. The value u rest 

s the resting potential which is set to 0 in our model. The param-

ter K quantifies the effect of a spike on the membrane potential.

or an event sequence, the membrane potential is represented as

ollows: 

 (t) = 

∑ 

i 
�u · exp ((t − S i ) /τ ) · H(t − t i ) (3)

here H(t − t i ) = 1 when t ≥ t i , 0 when t ≤ t i . To simplify, we set

u = 1. Each input event updates the neuron’s membrane poten-

ial. The membrane potential u(t) at the end of the time slice is

aken as the temporal coding output of the event sequence as 

 = 

∑ 

i 
exp ((T − S i ) /τ ) (4)

here temporal information of each event is included in the cod-

ng value. The temporal coding is the integrating results of the
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Fig. 1. Classification framework of spatiotemporal event streams. Temporal coding layer consists of an array of LIF models with each neuron converting the temporal infor- 

mation of the events into the membrane potential. A pre-trained CNN is used to extract the deep representation of the temporal coding layer. A SVM classifier is used to 

classify the deep representations. 

Fig. 2. Coding mechanism of spike-events. Top is a spike-event train. Middle is the 

temporal coding or temporal responding under finite time constant. Bottom is the 

rate coding or counting process under infinite time constant. 
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Fig. 3. Temporal coding of event streams under different rotating speeds of disc. 

Top is the experiment setup in which a rotating pattern is recorded by a DVS cam- 

era. Middle is the temporal coding (left) and the histogram of temporal coding value 

(right). Bottom is the rate coding (left) and the histogram of the rate coding value 

(right) when time constant of the LIF model is infinite. 

o  

a  

c  

s  

s  

f  

T  

t  
nput events as shown in the middle of Fig. 2 . For the implementa-

ion of temporal coding, exp(( T − S i ) / τ ) is precalculated and stored

n a lookup table (LUT). The timestamp of each event is used to

ccess the LUT and fetch the corresponding temporal coding value.

When the time constant of the LIF model is infinite, temporal

oding is reduced to rate coding as shown in the bottom of Fig. 2 .

he representation of rate coding is as follows: 

 = 

∫ t 0 + T 

t 0 

∑ 

i 
δ(t − S i ) dt (5) 

We can see that the rate coding contains no temporal informa-

ion of the input events. 

Fig. 3 shows a testing experiment with a rotating dot to demon-

trate the effectiveness of the temporal coding under different

peeds. A black dot on a white rotating disc was used to induce the

vent firing of a DVS128 sensor. The total disc is in the view field
f the sensor in order to ensure that the different event streams

re stimulated by the different rotating speeds. Event streams were

aptured under different speeds. HESs with three different time

lices (i.e., 5 ms, 10 ms, 20 ms) were used to divide each event

tream into several segments, respectively. As shown in Fig. 3 , dif-

erent rotating speeds result in different temporal coding values.

he coding values have larger range of distribution with longer

ime slice, which is because there are more events in longer time
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Fig. 4. Some reconstructed frames from the three datasets. (Top) MNIST-DVS 

dataset includes 10 classes corresponding to digits 0–9 from left to right. (Mid- 

dle) AER posture dataset consists of three human actions, i.e., BEND, SITSTAND, and 

WALK from top to bottom. (Bottom) Pocker-DVS dataset includes four symbols, i.e., 

club, diamond, heart, and spade from top to bottom. 

M  

d  

p  

M  

s  

t  

t  

n  

t  

b  

s  

w  

t  

w  

t  

P  

b  

d  

r  

p  

o

3

 

c  

b  
slice. In addition, when the time constant of LIF model is infinite

the rate coding has weaker representation capacity than the tem-

poral coding under shorter time slice because two close speeds are

easy to generate the same number of events in shorter time slices.

2.2. Deep feature representation 

Deep feature representation learned with an originally opti-

mized CNN on a large frame-based image is transferred to clas-

sification problem of DVS images. In this paper, a popular CNN ar-

chitecture [30] developed by LeCun is used. This CNN was origi-

nally trained on the standard MNIST dataset. Although deeper and

larger CNN trained on larger dataset such as ImageNet may im-

prove the performance, the size of LeCun’s network is suitable for

our classification tasks. First, the three event-based datasets have

less than 10 object classes with a small number of event-based

recordings. Second, the standard LeCun’s network has achieved a

relatively good performance on the MNIST dataset. Third, the focus

of this paper is how the transferred deep representation improves

the performance of event streams. The training process was carried

out by optimizing the multinomial logistic regression objective us-

ing stochastic gradient descent. In the training process, the batch

size is set to 128, momentum to 0.9. 5 × 5 convolutional kernels

are used in all the convolutional layers. Max pooling is performed

over 2 × 2 window with stride 2. For the nonlinearity, classic ReLu

function is applied after the convolution operation in the neural

network. A stack of convolutional layers is followed by three fully-

connected (FC) layers. The third FC layer is a soft-max layer which

performs classification. The first and second FC layers have 200 and

120 neurons respectively. Performance of transfer learning depends

on many factors. The two most important factors are the size of

the new dataset, and its similarity to the original dataset. For all

the experiment, unless stated otherwise, we use the first FC layer

of the network as the feature representation. 

2.3. Fine tuning 

There are a small number of samples in the target classification

task of event streams. In this work, we try to use a part of the

training set of event-based datasets to fine tune the pre-trained

CNN. By fine tuning, the parameters of more early layers of the

CNN are learned for the specified event stream task. In general,

the earlier features of a CNN contain more generic features that

should be useful to many tasks, but later layers become progres-

sively more task-specific. In our work, all the parameters of the

CNN are fine-tuned for the MNIST-DVS task, while the convolu-

tional layers are frozen in the fine tuning for the AER posture task

and Pocker-DVS task. A smaller learning rate of 0.001 is used for

the fine-tuned CNN weights under the assumption that the pre-

trained weights are relatively good. Finally, we use the first FC

layer of the fine-tuned CNN as the feature representations which

are classified by a linear SVM. 

3. Experimental results 

In this work, HES with fixed time slice divides the continuous

event streams into segments. In temporal coding, time constant of

the LIF model is set to be equal to the length of the time slice.

The training set are randomly selected with the rest is used for

testing. In most cases, 90% data is used for training and 10% is for

testing. We repeat the experiment 10 times with different training

and testing partitions. 

3.1. Event-stream datasets 

Three popular AER data sets as shown in Fig. 4 were used

to evaluate the performance of the proposed method. One is the
NIST-DVS dataset which is the event-stream version of the stan-

ard MNIST dataset converted by a DVS sensor. In the converting

rocess, 10,0 0 0 digits were random selected from the frame-based

NIST images and were scaled up to three scales (scale-4, scale-8,

cale-16) using smoothing interpolation algorithms. In this paper,

he scale-4 dataset is used as the same with. This classification

ask is more challenging than the MNIST due to the form of events,

oise, blur, and other factors. The second is the AER human pos-

ure dataset which was converted using a real event-based camera

y capturing three kinds of human actions, i.e., bending to pick

omething (BEND), sitting down and standing up (SITSTAND), and

alking back and forth (WALK). The event steams of the AER pos-

ures have a spatial resolution of 32 × 32. In the proposed method,

e focus on the categorization of the action shapes instead of

he movements that happen at a constant speed. The third is the

ocker-DVS dataset which is the event stream of poker card sym-

ols with spatial resolution of 32 × 32. Four kinds of symbols, i.e.,

iamond, heart, club and spade were converted into event-stream

ecordings with a DVS sensor. In the following sections, we will

resent the experimental results and comparison with other state-

f-the-art methods on these three benchmark datasets. 

.2. Influence of hyperparameters 

In this section, several experiments on MNIST-DVS dataset were

arried out to evaluate the influence of hyperparameters. The ro-

ustness of the proposed method to two hyperparameters (i.e., the
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Fig. 5. Robustness of deep representation based method to different hyperparameters. (a) Recognition rate on MNIST-DVS with increasing training rate, where T = 100 ms. 

(a) Recognition rate on MNIST-DVS with increasing length of time slice for each segment, where 90% samples are used for training. 
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Fig. 6. Influence of the amount of samples for fine tuning. Hard segmentation with 

100 ms time slice is used to divide the event streams of MNIST-DVS dataset. The 

CNN is originally optimized on the standard MNIST dataset. For classification, 90% 

samples were randomly selected for training the SVM classifier and each test was 

repeated 10 times. 
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raining data percentage γ , and the length of time slice for each

egment denoted by T , the fine-tuning percentage) is evaluated.

he CNN trained on the standard MNIST dataset achieves 99.21%

ccuracy on the testing set of MNIST. In each test, the event-stream

ataset were randomly partition into two parts for training and

esting. Following the common benchmarking procedures, each ex-

eriment was repeated ten times with different training and test-

ng data partitions. 

Fig. 5 (a) and (b) shows the classification accuracy of the pro-

osed method when γ increases from 10% to 90% and T increases

rom 5 ms to 20 0 0 ms. In the experiment of testing the training

ercentage, the time constant was set to 100 ms for temporal cod-

ng and the HES of 100 ms time slice for each segment were used.

rom the results, we have the following observations. 

(1) Deep representation based method is robust to the amount

of training data. While γ increases from 30% to 90%, the

mean classification accuracy of the proposed method in-

creases from 89.15% to 92.21%. Deep representation is a

discriminative statistical feature extraction method. Besides,

statistical machine learning method has the advantage of

good generalization ability. In other words, a latent distribu-

tion can be fit well with a small amount of samples of deep

representation. 

(2) Deep representation can achieve a good result even though

a short time slice for each segment is available. While T

ranges from 100 ms to 20 0 0 ms, the classification rate almost

remains unchanged, slightly varying from 92.24% to 94.54%.

Low recognition accuracy under relatively short time slice

results from the fact that a small amount of events cannot

form a whole object. 

Besides fine tuning by continuing the backpropagation is used

o adjust the weights of the pre-trained CNN to the target clas-

ification task of event streams. In order to evaluate the in-

uence of the amount of samples for fine-tuning, a series of

xperiments were performed. Different amount of samples in the

raining set were used for fine-tuning the CNN on the three event-

tream datasets. Results shown in Fig. 6 show that fine-tuning even

ith a small number samples can improve the classification per-

ormance significantly on the MNIST-DVS and Pocker datasets. The

erformance on the AER posture dataset did not change obviously

ecause the AER posture is a relatively small event-stream dataset

ith few samples. The proposed method has achieved relatively

igh performance without fine tuning. 
In the final experiment, we evaluate the influence of tempo-

al noise of the events. Temporal noise is unavoidable in real-

orld recordings. And the temporal noise has a direct effect on

he temporal coding. In the evaluation, Gaussian noises with zero

ean and different standard deviations were added to the times

f the events of the MNIST-DVS dataset. A time slice of 200 ms

as used to divide the event streams. A pre-trained CNN on MNIST

ataset was used to extract the deep representations of the tempo-

al coding matrixes. Following the common benchmarking proce-

ures, we repeated each experiment ten times. Table 1 shows the

erformance comparison when our proposed method was used to

lassify the event streams with and without temporal noise. Re-

ults demonstrate that the temporal coding and deep representa-

ion based classification framework is robust to the temporal noise.

.3. Results on MNIST-DVS 

In this section, the performance of the proposed method is

ompared with others’ methods. A HES method with 300 events

as used for segmenting the event streams. For each test, 90%

ecordings are randomly selected as training set and the rest

re used as testing set. Fig. 7 shows the average classification
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Table 1 

Performance comparison on the MNIST-DVS dataset with different Gaussian noise. 

Gaussian noise (mean = 0, standard deviation = ?) Accuracy on testing set (mean ± standard deviation) 

No noise 93.14% ± 0.97% 

5 μs 93.02% ± 0.85% 

10 μs 92.97% ± 0.93% 

20 μs 93.00% ± 1.02% 

30 μs 92.89% ± 0.89% 

Fig. 7. Confusion table for the MNIST-DVS database. Average classification rates for individual classes are shown along the diagonal. The average accuracy of deep represen- 

tation based method with and without fine tuning are 90.57 and 95.43%, respectively. (a) Deep representation without fine tuning. (b) Deep representation by fine tuning 

the CNN with 20% samples of the datasets. 

Table 2 

Performance comparison on the MNIST-DVS dataset. 

Method Performance 

Time length of recording used Testing accuracy (mean ± standard deviation) 

Zhao’s [16] 100 ms 76.9% ± 1.27% 

full (about 2 s) 88.14% ± 0.70% 

Peng’s [14] 100 ms 74.82% ± 2.67% 

full (about 2 s) 80.04% ± 2.16% 

Hussain’s [12] 100 ms 80.2% 

full (about 2 s) 88.1% 

This work (no fine tuning) 100 ms 92.24% ± 1.02% 

full (about 2 s) 94.11% ± 0.91% 
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accuracy for individual classes. The experiment is repeated 10

times on 10 different dataset partitions. The proposed method

gained performance margins of 15.48%, 15.22%, 29.34% under the

same experimental conditions than Peng’s method [14] , Zhao’s

method [16] and Chen’s [10] method, respectively. By fine tuning

the pre-trained CNN with 20% samples of the MNIST-DVS dataset,

the performance margins increase to 20.34%, 20.08%, 34.20%, re-

spectively. Table 2 shows that the proposed method achieved the

highest average performance rate, which benefits from the fact that

the deep CNNs seek to exploit the unknown structure in the in-

put distribution in order to discover good representations. In ad-

dition, fine tuning makes the high-level representations more ab-

stract, with their individual features more invariant to most of the

variations that are present in the distribution of the new event-

stream dataset. 

3.4. Results on AER posture 

This section evaluates the performance of the proposed method

on the AER human posture dataset. The CNN initially was trained

on the standard MNIST digits which were resized to 32 × 32 be-

cause the spatial dimension of the event streams of the AER pos-

tures is 32 × 32. The testing accuracy of MNIST dataset on the pre-
rained CNN is 99.12%. We still randomly select 90% recordings for

raining, and the remaining was used as testing set. This test was

epeated 10 times with different partitions. Table 3 shows that the

omparison of classification results between the proposed method

nd others’ methods. The proposed method achieves the highest

lassification accuracy when the same event segment method is

mployed. We also tested four different time slices (i.e., 50 ms,

0 0 ms, 20 0 ms, 50 0 ms) to divide the event streams. Results in

able 3 show that the classification performance increases with

onger time slice. Even with short time slice, our method achieves

igh recognition accuracy. Besides, in order to adjust the parame-

ers of the pre-trained CNN to the target event-stream classifica-

ion task of AER postures, we fine-tuned the CNN using 20% sam-

les of the training data. Results in Table 3 show that fine tun-

ng can improve the recognition performance significantly. It is be-

ause fine tuning makes the high-level representations more ab-

tract for the target tasks. 

.5. Results on Poker-DVS 

In this section, we carried out the experiment on Pocker-DVS

ataset. A same pre-trained CNN architecture for the AER pos-

ure dataset is used in Poker-DVS for the same spatial dimension
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Table 3 

Performance comparison on the AER posture dataset. 

Method Accuracy on testing set (mean ± standard deviation) Segment 

Peng’s [14] 98.66% ± 0.23% 500 events 

Chen’s [10] 91.88% ± 0.68% 500 events 

Zhao’s [16] 95.61% ± 0.46% 714 events 

This work (no fine tuning) 99.36% ± 0.12% 500 events 

98.23% ± 0.11% 50 ms 

99.66% ± 0.16% 100 ms 

99.90% ± 0.11% 200 ms 

99.97% ± 0.094% 500 ms 

This work (fine tuning) 99.83% ± 0.14% 500 events 

98.60% ± 0.22% 50 ms 

99.79% ± 0.11% 100 ms 

99.97% ± 0.053% 200 ms 

100% ± 0% 500 ms 

Table 4 

Performance comparison on the Poker-DVS dataset. 

Method Accuracy on testing set (mean ± standard deviation) Segment 

Peng’s [14] 93.00% ± 5.29% 100 events 

Chen’s [10] 91.76% ± 4.45% 100 events 

Zhao’s [16] 92.53% ± 6.19% 100 events 

This work (no fine tuning) 98.76% ± 1.36% 100 events 

97.90% ± 1.52% 200 μs 

98.30% ± 1.75% 500 μs 

99.40% ± 2.76% 10 0 0 μs 

99.60% ± 1.98% 20 0 0 μs 

This work (fine tuning) 99.23% ± 1.13% 100 events 

98.70% ± 0.98% 200 μs 

99.00% ± 1.88% 500 μs 

99.37% ± 1.12% 10 0 0 μs 

100% ± 0% 20 0 0 μs 
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etween the two datasets. We randomly select 90% samples for

raining and use the rest for testing. Each test is repeated 10 times

ith different partitions. Table 4 shows that the performance com-

arison between the proposed method and others’ methods. Our

ethod achieves the highest classification accuracy when the same

vent segment method is employed. Besides, segmentation method

ith different length of time slice (i.e., 200 μs, 50 0 μs, 10 0 0 μs,

0 0 0 μs) was also used to divide the event streams. Results show

hat our method is robust to the length of time slice. High perfor-

ance was achieved even short time slice is chosen, which means

hat our method can be used for the recognition of high-speed

cenes. In addition, fine tuning with 20% samples of the dataset

as also used to adjust the parameters of the CNN to the new

lassification task. Results demonstrate that fine tuning improves

he performance greatly. 

. Discussion 

.1. About temporal coding 

Event-based vision sensors convert the vision information into

synchronous streams of spatio-temporal events. Each pixel of the

ensor responds asynchronously and independently to the bright-

ess changes and outputs an event whenever the change exceeds

 pre-defined threshold. The timing of the events reflects the dy-

amic information of the visual scenes. One of important prob-

ems in event-based image processing is how to use the temporal

nformation of the events. In our proposed method, an interme-

iate layer between the event streams and CNN is used to con-

ert the precise timing information of the spatio-temporal events

nto meaningful values for extracting deep representation. The LIF

odel provides a method to ‘read’ and encode the temporal infor-

ation of event streams. Membrane potential of the LIF model is
enerated by responding to the timing of input event sequence. In

he LIF model, time constant is an important parameter specifying

he dynamic of the model. The temporal information of the incom-

ng events is encoded into the membrane potential of the model. If

he time constant is infinite, the membrane potential contains no

emporal information of the events, while the temporal coding be-

omes a counting process or event count coding. Temporal coding

ased on LIF model is demonstrated to be capable to represent the

nformation of different stimuli on a rotating experiment. Results

how that with increasing length of time slice, the classification

ccuracy increases, which can be explained by two reasons. One is

or that there are more events in a longer time slice to be accumu-

ated into more distinct shape of the object. The second is for that

emporal coding in longer time slice can represent more informa-

ion of stimuli. 

.2. About fine tuning 

CNN is a popular deep learning method in image process-

ng and pattern recognition. The algorithm has been accelerated

nd supported by the FPGA-based hardware [31] and neuromor-

hic computing chips [32] . Then the proposed method is hardware

riendly by combining the event-based cameras and many comput-

ng hardware of CNN easily. This work applies a transfer learn-

ng strategy [33,34] which aims to transfer knowledge between

elated source and target domains. In this work, we try to over-

ome the deficit of training samples by adapting a model trained

n a relatively large-scale frame-based dataset. We originally opti-

ized the parameters of CNN on the standard MNIST dataset. Deep

epresentation based on the CNN is more discriminative than the

raditional hand crafted features. By using the first full-connected

ayer as the feature output, the dimension of the deep representa-

ion vector is less than the original input. Compared with Peng’s
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method, the dimension of our extracted representation is lower.

Then our method takes less time in training and testing the clas-

sifier. But the time consumption in feature extraction is relatively

higher due to the convolution and more multiplication operations. 

5. Conclusion 

This work addressed the classification problem of spatiotempo-

ral event streams by combining a temporal coding and deep rep-

resentation. Specifically, a LIF model is introduced to convert the

events of each pixel into a meaningful real number. Deep repre-

sentation learned with an originally optimized CNN on a frame-

based datasets is transferred to the classification of event-stream

data. The effectiveness and generality of our method is illustrated

in three event-stream datasets, and the best accuracy has been

obtained compared with the state of art algorithms. The robust-

ness of the method has also been verified when Gaussian tempo-

ral noise is considered. Besides, we found that fine tuning the CNN

using some amount of training samples generally further improves

the performance. Thus, we conclude that the proposed method

can be considered as a potential candidate in the recognition task

of event streams. Due to the fast visual capturing and power-

efficiency, event-based cameras have broad application prospects

such as fast sensing, motion control, intelligent traffic and moni-

toring. 
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