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Abstract

• Event Cameras, neuromorphic devices that naturally respond to brightness
changes, have multiple advantages with respect to traditional cameras

• The difficulty of applying traditional computer vision algorithms on event data,
such as Semantic Segmentation and Object Detection, limits their usability

• We investigate the use of a fully convolutional encoder-decoder architecture that
combines an initial grayscale frame and a series of event data to estimate the
following intensity frames

• We evaluate the proposed approach on a public automotive dataset, providing a
fair comparison with a state-of-the-art approach

Event-based Vision

Event Cameras
Event cameras are optical sensors that asynchronously output events in case of
brightness variations at pixel level. The major advantages of this type of
neuromorphic sensors are:

Proposed Method

Experimental Evaluation
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Event Frame
The j-th event 𝑒𝑗 provided by an event camera can be expressed as 𝑒𝑗 = (𝑥𝑗 , 𝑦𝑗 , 𝑡𝑗 , 𝑝𝑗)

where 𝑥𝑗, 𝑦𝑗 and 𝑡𝑗 are the spatiotemporal coordinates of a brightness change and

𝑝𝑗 ∈ −1,+1 is the polarity of the brightness change.

An event frame can be defined as the pixel-wise integration of the events occurred in
a time interval 𝑡, 𝑡 + 𝜏 :

Where 𝑒𝑗 ∈ 𝑡, 𝑡 + 𝜏 means 𝑒𝑗|𝑡𝑗 ∈ 𝑡, 𝑡 + 𝜏 .

• Low power consumption

• Low data rate

• High temporal resolution

• High dynamic range

Architecture
We propose a method that corresponds to a learned parametric function 𝐹 defined
as:

that takes as input an intensity image 𝐼𝑡 ∈ ℝ𝑤×ℎ recorded at time 𝑡 and an event
frame 𝜓𝑡 t ∈ ℝ𝑤×ℎ, which summarizes pixel-level brightness variations in the
time interval 𝑡, 𝑡 + 𝜏 , in order to estimate the intensity image 𝐼′(𝑡 + 𝜏) ∈ ℝ𝑤×ℎ

at time 𝑡 + 𝜏. 𝑤 and ℎ correspond to the width and the height of the event frames
and the intensity images.
Formally, the synthesized image 𝐼′(𝑡 + 𝜏) can be defined as:

where 𝜗 corresponds to the parameters of the function 𝐹.

Details and Training

• U-net architecture [1] employed for the encoder-decoder module
• Loss function: Mean Square Error
• Optimizer: Adam (lr = 10−3)
• During the training phase, two consecutive frames (one as input, one as target)

and the intermediate event frame (as input) are employed. During the testing
phase, instead, in order to obtain a sequence of synthesized frames, the model
iteratively receives the previously generated image as intensity input or a new
key-frame after 𝜆 iterations.

• DDD17: End-to-end DAVIS Driving Dataset [2]
• More than 12 hours of recordings captured with a 

DAVIS sensor
• It includes both event data and grayscale frames 

along with vehicle information (e.g. vehicle 
speed, throttle, brake, steering angle)

• The spatial resolution is limited to 346 x 260 pixels
• The framerate is variable
• Similar to [3], we use only the recordings acquired 

during the day

We employed a variety of metrics to check the quality of 
the generated images:

• 𝑳𝟏, 𝑳𝟐 distances

• Root Mean Square Error

• the percentage of pixels under a certain threshold

• Peak Signal-to-Noise Ratio (PSNR)

• Structural Similarity index (SSIM)
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