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Abstract—In environments where humans and robots interact
and collaborate, the robot needs awareness of human actions
and intentions to guarantee operational effectiveness and agent
safety. In this paper, an online human action recognition system
from event camera data is presented. A 3D Convolutional Neural
Network (3DCNN) is built to classify event-based videos of
isolated primitive assembly actions (idle, pick, place, screw),
and then leveraged into classifying videos of action sequences.
The 3DCNN is integrated into a system capable of acquiring,
processing, and classifying real-time event data of assembly tasks.
The proposed online system classifies the streamed data every 200
ms without accumulating delay.

Index Terms—Online Classification, Manufacturing, Event
data, Deep neural networks, 3DCNN

I. INTRODUCTION

Human-robot interaction and collaboration is widespread,
with examples of applications such as elderly care, education,
medicine, and manufacturing [1]. In the manufacturing land-
scape, collaborative robotic systems are often adopted to work
alongside humans on object manipulation and assembly tasks.
The robot must be aware of human actions to ensure natural
human-robot collaboration and safety [2].

Sensors acquire data about their environment that classi-
fication algorithms can map into suitable robot commands.
The most commonly deployed sensors for tracking human
movement are the Magneto-Inertial Measurement Unit [3] and
camera systems with [4] or without markers [5], the latter
often preferred. However, within this category, the commonly
used RGB camera is limited by its fixed frame rate, low dy-
namic range and motion blur. In comparison, an event camera
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dynamically samples light based on changes in the captured
scene [6]. An event camera captures brightness changes, called
‘events’, asynchronously and at a faster rate than an RGB
camera, making it easier to extract features and more suitable
for tracking dynamic motion such as human movement [7].

Machine learning (ML) plays a crucial role in classifying
data that represent human gestures. A core ML method is
the Deep Neural Network (DNN), an artificial neural network
with multiple hidden layers of neurons. DNNs are particu-
larly effective because of their ability to learn and recognize
complex patterns from sensor data. Various DNN architectures
have been applied to gesture recognition from event data,
such as Spiking Neural Networks [8] and Long-term Recurrent
Convolutional Networks [9], however, the former needs spe-
cialized hardware to operate effectively, and the latter requires
separate parameter tuning for each network. Therefore, the
3D Convolutional Neural Network (3DCNN) architecture [10],
[11] is preferred since it demonstrates good performance in
capturing spatiotemporal information and does not share the
aforementioned limitations.

This study proposes a system for gesture recognition and
classification of event data. A 3DCNN is built and trained to
recognize common primitive manufacturing gestures captured
using an event camera. The system is first tested on offline
classification tasks and then extended to perform online clas-
sification. The main contributions of this study are illustrated
in Fig. 1 and listed as follows:

« Implementation of a 3DCNN capable of classifying man-

ufacturing primitives from event data with high accuracy.



o Classification of continuous action data with a 3DCNN
trained on primitives, i.e. single action videos.

e Online implementation of the proposed 3DCNN classifi-
cation system.

I. Training Dataset

Fig. 1. Framework of the gesture recognition system.

II. SYSTEM SETUP
A. Event Camera

Inspired by biological vision systems, the event camera was
created to respond to changes in brightness within a scene,
with each pixel acting asynchronously. This approach samples
light dynamically based on brightness changes in the captured
scene. Each brightness change, called ‘event’ e, is encoded
with the coordinates of the pixel detecting the change (x,y),
a polarity pol specifying an increase or decrease in brightness,
and a timestamp ts that indicates when the change occurred.

The Dynamic and Active Pixel Vision Sensor (DAVIS) is
a widely adopted event camera model that captures greyscale
images synchronously and event data asynchronously [12]. To
extract meaningful information, event representations are often
constructed from packets of events. A common example is to
convert the events into an image, called an event frame, to be
processed by image-based computer vision algorithms [13].

B. 3D Convolutional Neural Network

A 3DCNN mainly relies on convolutional and pooling
layers. The 3D convolutional layers are the core of any
3DCNN, capturing spatial and temporal features within the
data. The rectified linear unit (ReLLU) activation function is

applied on the result of the convolution to introduce non-
linearity into data and allow the network to learn more
complex dependencies within data. The 3D max pooling
layers reduce dimensionality by downsampling the input into
cuboidal regions and passing the maximum of each region to
the next layer.

The input layer defines the fixed shape of the input tensor,
which in the proposed network is set as [Nyideos X N frames X
64 x 64 x 3]. Note that the first two dimensions are variable,
the first indicating the number of samples read by the network.
The output layer corresponds to the number of categories into
which the data can be classified, which in this case is 4 classes.
It is characterized by a softmax activation function which
normalizes the result of the previous layer into a probability
distribution and outputs the class with the highest probability.

Other layer types are added to improve the robustness
of the network. The use of dropout layers helps prevent
overfitting, by randomly deactivating neurons during training.
A flattening layer converts the multidimensional data into a
single dimension. Fully connected layers allow the network
to better learn combination of features rather than individual
features. The 3DCNN proposed in this work, Fig. 2, has a
structure based on a common 3DCNN architecture [14], and
is implemented in Python using TensorFlow and Keras.

Conv3D (ReLU) 3X3X3 . MaxPooling3D 2X2x2 Dense (ReLU)

Conv3D (RelLU) 2x2X2 Flatten Dense (Softmax)

Fig. 2. Architecture of the proposed 3DCNN.

C. Event data processing

An event-based dataset of human gestures is required to
provide data to train and test the 3DCNN. Although compre-
hensive datasets such as [15], [16] and [17] are often used
for event-based gesture recognition, their emphasis is not on a
manufacturing context. Therefore, the Event-based Dataset of
Assembly Tasks (EDAT24) was selected, featuring 400 samples
of four primitive manufacturing gestures: idle, pick, place, and
screw [18]. The EDAT24 contains event data that must be
processed to be a suitable input for the 3DCNN.

Since the required 3DCNN input is a sequence of 2D
images, the time-based aggregation method called Temporal
Binary Representation (TBR) is utilized to convert events into
2D images [10]. This method creates each event frame at a
fixed time interval 7' by accumulating N intermediate binary
representations. Each representation assesses the presence or
absence of events for each pixel during At = T/N. The
N temporally consecutive representations are aggregated in a
tensor with a binary string of /N bits and then converted into
a decimal number for each pixel. Since this number is used to



set the pixel intensity for the resulting greyscale image, N = 8
is used to obtain the range of intensity values of [0, 255], [10].

The TBR method can be adapted to work with fixed
event accumulation or with an area accumulation strategy by
changing the initial event accumulation condition for each
frame. The resulting events per frame are then divided in
the same way as in the original method, by creating N
temporally consecutive representations during At = T'/N. No
significant differences in computational time and complexity
were observed between the approaches. As such, the original
TBR method is implemented to obtain predictions at a constant
rate, with a value of 7' = 100 ms and thus A¢ = 12.5ms.

Since the proposed 3DCNN requires an image input size
of 64 x 64 x 3, three operations must be performed on the
generated TBR image to obtain a valid input for the 3DCNN,
in the following order:

1) The greyscale TBR image is converted into a colored
image, with 3 color channels, by applying the Jet
colormap.

2) The resulting image is resized to 64 x 64 x 3.

3) The pixel values are normalized to [0,1] by dividing
each pixel by the highest brightness value in the image.

ITI. OFFLINE CLASSIFICATION
A. Hyperparameter tuning

The network hyperparameters are iteratively redefined ac-
cording to the results, until the best configuration is found.
The values for dropout, batch size, and number of epochs that
showed the best error curve and the highest accuracy were
selected for subsequent evaluation steps, Table 1.

TABLE I
HYPER-PARAMETER VALUES

Batch Size | Dropout | Number of epochs
16 0.4 25

Several tests were conducted to determine the minimum
number of frames needed to guarantee accurate classifications.
The results indicate that the accuracy increases with the
number of frames in the window, reaching over 80% accuracy
with 15 frames, as shown in Fig. 3. Furthermore, it was
observed that the shortest sequence in the dataset takes 1.3
seconds, which corresponds to 13 frames. For this reason,
a window size of 15 frames was chosen as a compromise
between accuracy and window length.

Another parameter to consider is the overlap, as it deter-
mines the amount of new information introduced into each
section for classification. If a sliding window moves with a
50% overlap, the current window shares half of its frames with
the previous one, Fig. 4. It is crucial to choose the amount
of frame overlap to avoid missing rapid movements while
also avoiding highly redundant information. For this reason,
several classifications with increasing overlap were performed
to observe how accuracy varies. In an offline classification
context, it is suitable to use the maximum overlap. At most,
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Fig. 3. Trade-off between classification accuracy and the number of frames
required for each classification.

in this setup, the 15-frame windows can differ by a single
frame, step size equal to 1, with a result of approximately
93% overlap.

Sliding window

[ pAd (2 N

! g s~ ¢

i f i H A f

i I i H K [

{ 1 oy ! 1 1 P
\, 7~ PRy

Class Time (s)

Class Class Class Class

Fig. 4. Illustration of a 50% window overlap for a 4-frame window.

B. Training

Network training was conducted on the EDAT24 dataset.
The videos of individual actions were segmented into 15-frame
windows, with a 93% overlap between consecutive windows.
An equal number of windows were selected for each class to
ensure a balanced dataset. Specifically, a random subset was
selected for the classes with a higher number of windows. Of
each class in this dataset, 545 windows were used for training,
while 61 were reserved for testing. The classification accuracy
after training reaches 100% on the testing dataset.

C. Offline Testing

Once the trained network was built, it was tested on 9
continuous assembly sequences, some examples are reported
in Fig. 5. All assemblies were performed by the same operator.
The primitive actions occur consecutively rather than as iso-
lated instances like the EDAT24 training data. Consequently,
transitional movements between actions, which are difficult to
classify, also occur within the videos. Additionally, while the
order of actions is predetermined, the operator’s speed is not
constrained, resulting in no precise separation between actions.

Each window was labelled with one of the 4 possible
primitive actions: idle, pick, place, or screw. The labels were
assigned using the class of the most recent frame in the
window and were subsequently visually inspected to verify and
correct them, particularly in the transition movements between
actions. To evaluate network performance, classification results
were compared with ground truth through visual inspection.
This approach is preferred over a confusion matrix or an F1
score analysis to better identify where and why the network
struggles with multiclass classification in a continuous context.
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Fig. 5. Three continuous assembly sequences used to evaluate classification
performance of the 3DCNN.

D. Results

The network performance is illustrated as the comparison
between the classification result and the ground truth labels.
This takes into account the continuous operation of the system,
highlighting if delays occur and if the overall assembly is
correctly reconstructed. Three different sequences of action
primitives are analysed. For each window a prediction is made
and reported in Fig. 6 at the starting time of the window.

The graph shows that the network is able to reasonably
reconstruct the intended sequence of the assembly action. The
screw class is consistently correctly classified since it has a
recognizable movement pattern and the sequence always lasts
longer than 1.5 seconds. The pick and place classes are also
recognized in most instances. Most misclassifications occur in
windows that contain multiple classes because the network is
unable to prioritize one class. The transitional movements are
another reason for frequent misclassifications between actions,
because the network was not trained with these movements and
does not know how to classify them. Moreover, at the end of
each screw action, there is always a misclassification of place.
This is because the movement of withdrawing the hand after
releasing a screw is interpretable as the release of the object
at the end of a place. The idle class in particular is rarely
recognized because when the window contains movement, the
network prioritizes it over the empty frames.

IV. ONLINE CLASSIFICATION

A. System Implementation

The computer specifications used to run the tests are re-
ported in Table II.

TABLE II
PC SPECIFICATIONS

Central Processing Unit (CPU)
Graphics Processing Unit (GPU)
Operating System

AMD Ryzen 5 3500U (2.10 GHz)
Radeon Vega Mobile Gfx
Windows 11

Idle Pick Screw
Predicted class 0 1 2 3

Ground truth = O [} =
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Fig. 6. Offline classification results for the continuous assembly sequences,

the ground truth is reported on top of each plot.
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The classification system consists of different parts, includ-
ing event acquisition, frame generation, and classification, as
shown in Fig. 7.

The event acquisition is managed by jJAER [19], which
receives events from the event camera through a USB con-
nection, stores the events in a buffer and then sends the buffer
through UDP to the frame generation step. The UDP buffer
size must be optimized. A decrease in buffer size leads to an
increase in memory efficiency and reactivity but a decrease in
computation efficiency. To address this trade-off, a buffer size
of 1000 events was selected as a balanced compromise. Each
event in the buffer is encoded with information about the pixel
coordinates  and y and the event timestamp ¢s.

A dedicated Python thread is responsible for receiving the
buffers, decoding each event pixel coordinates and timestamp,
and constructing a list from this information [z,y,ts]. This
list is appended to the end of a dynamic data structure called
a queue according to FIFO (First In, First Out) logic. The
queue ensures that the acquisition and classification processes
can benefit from parallel processing.

When a new buffer of events is received, the main program
calculates the cumulative duration of the unprocessed data
within the queue. If this duration matches the predefined
accumulation time of 7" = 100 ms, a frame is generated and
added to the end of a group of 15 frames. The number of
buffers required to generate a frame varies significantly based
on the frequency of event generation at the given time, as high
event activity accelerates buffer filling. A classification occurs
when the 15-frame group has the right amount of new frames
according to the selected overlap, substituting the equivalent
number of oldest frames in the group. The same 3DCNN
model used previously for offline classification is employed
here.

B. Results

The described system was analysed in terms of temporal
performance, by measuring execution times for each section
of the system:

o Decoding: Time to decode the buffer received from the

UDP and add the resulting list to the queue.

o Read queue: Time to retrieve a buffer from the queue
until (but not including) TBR frame creation.

o Create frame: Time to create a TBR event frame.

o Frame processing: Time to colour, resize and normalize
the new frame.

« Classification: Time to classify a group of 15 frames.

e Cycle Time: Time from the end of the previous process-
ing cycle to the end of the current cycle, whether or not
classification is included in the current cycle.

Within a cycle, the three longest processes are decoding
the event data, creating a frame, and classifying the frame,
Fig. 8. The classification time takes up to seven times longer
than creating a TBR frame, the process with the second
longest duration. Thus, the bottleneck of the system is the
classification step. To ensure that the system works effectively,
the classification overlap was reduced to 87%. This approach

helps compensate for the delay caused by the classification
while maintaining a high level of classification accuracy. As
shown in Fig. 9 (Top), for an overlap of 93%, the system is
not able to process all the data synchronously and leads to an
increase in queue length.

160
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Fig. 8. Processing time required for the three longest process in the online
classification system.

The time duration and the queue length for the online
classification with 13 frames of overlap (87%), are reported
in Fig. 9. As the queue length remains stable, Fig. 9 (Top), it
is possible to conclude that the system is able to continuously
process the information it receives. This is further supported
by the results in Fig. 9 (Bottom), which show that the
mean cycle time (i.e. the time needed to process new data)
is shorter than the frame accumulation time (i.e. the time
required to acquire new data). Moreover, analysis of the cycle
time reveals two distinct cycle modalities: cycles in which
classification occurs and cycles without classification. When
no classification occurs, the cycle time closely matches the
TBR. Since classification does not happen at every cycle and
since all other processes require significantly less time than
frame accumulation, the system achieves classification with
only a small, consistent delay.

V. DISCUSSION AND CONCLUSION

This study proposes an online classification system capable
of recognizing human gestures based on event camera data.
The preliminary offline results prove that a system trained
on action primitives is capable of classifying continuous
sequences of action primitives. This generalization allows for a
simpler data collection procedure, although it inherently strug-
gles with transitions between primitives. A potential solution
to this problem involves introducing an additional class to
manage transitions or redefining the primitive gestures to in-
corporate transitions directly. An attempt was made to train the
network with action primitives that did not include transitions.
This led the network to classify them with existing classes
such as pick and place. However, the classification accuracy
remained mostly unchanged, indicating that the transition issue
was not solved.

A stable queue length value indicates that data are processed
as they are received, without accumulation of delay. The
proposed system is capable of achieving this when the overlap
is adjusted accordingly. The performance achieved can be
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considered adequate within the context of motion recognition.
However, it could be further improved through the use of more
powerful hardware, since the computer specifications play a
crucial role in the computational time spent on each section
of the system.

The next iteration of the proposed online classification
system is the implementation of a predictive mechanism
to identify the next task based on recognized actions. The
proposed system can be utilized in an assembly sequence,
where recognition plays a crucial role in identifying the current
task. This information could enable the system to provide
instructions to a robotic assistant, facilitating the next assembly
step. For instance, the robot may supply the appropriate tool or
component, or adjust the position and orientation of a part in
accordance with the task. However, its deployment comes with
some challenges, the most significant being misclassifications.
They can not be totally removed, so a validation and correction
logic should be implemented to ensure safety.
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