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ABSTRACT In video analysis, collection and labeling of data can be time and resource-consuming. To solve
the scarcity of data problems, synthetic data augmentation is a promising solution. In this paper, we present
an approach to generate synthetic videos for action recognition using Unity, the popular game engine. The
synthetic videos are generated with high variability in lighting, subjects’ models, backgrounds, animations,
and camera positions. We use the generated data to augment a small dataset of subjects who are executing
physical exercises for action recognition. We tested the augmented data on two state-of-the-art models for
action classification and demonstrated the significant benefits of synthetic data augmentation for improving
the performance of these models on small datasets in the context of video action recognition.

INDEX TERMS Data augmentation, action recognition, convolutional neural networks, video transformers,

synthetic video generation.

I. INTRODUCTION
In the past 10 years, we have entered the era of Artificial
Intelligence (AI). The increasing amount of data available as
a result of the Internet and social media, coupled with the
exponential increase in computational power, has given rise
to Al models capable of solving complex tasks and assisting
individuals in their daily activities. The most common
type of data available is written text, images, and videos.
In particular, images, and to a greater extent, videos, contain
a wealth of intrinsic information that can be harnessed by
well-crafted and trained Al models. The high availability
of images and videos can be attributed to the prevalence
of cameras in our surroundings, including smartphones,
webcams, surveillance systems, car sensors, drones, robots,
etc.

Classical Image Processing (IP) and Computer Vision
(CV) models are quickly being replaced by Convolutional
Neural Networks (CNN), Video Transformers (ViT), or other
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Deep Learning (DL) models [1], [2], [3]. The extensive set
of trainable parameters of DL models requires a massive
amount of data to learn a task. While written text is easy to
collect and store, the acquisition and storage of images and
videos are trickier. Collecting video images from real cameras
can be very time-consuming, and the storage space needed
for image data tends to be massive. Often, video data are
protected by strict privacy policies, especially when recorded
in public areas with human subjects involved. Medical data
is the clearest example of protected data, and it can be tricky
or even impossible to obtain past recordings from hospitals.
In areas such as robotics and autonomous vehicle control,
long video collection sessions result in wearing or damaging
mechanical components and dangerous interactions between
machines and operators. Last but not least, labeling these
huge image/video datasets is a troublesome process. When
automated labeling is not an available option, all the data
needs to be manually labeled by humans. This process is very
time-consuming and, in some cases, particularly tricky (e.g.,
object 3D pose estimation, image segmentation, frame-by-
frame video labeling, etc.). For these reasons, datasets for
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specific IP and CV problems are often small and, in the case
of classification datasets, unbalanced. Fortunately, for more
generic and common CV tasks (e.g., object recognition, face
recognition, autonomous driving, etc.), vast datasets already
exist [4], [5], [6], [7]. DL models are often pretrained on those
big generic datasets and then fine-tuned on small datasets
collected for a specific IP or CV task [8].

Pretraining helps in situations of data shortage, but it does
not address the problem directly. With data augmentation,
on the other hand, new data are generated artificially from a
similar distribution as the original dataset to be augmented.
Classical data augmentation techniques for images include
cropping, flipping, rotating, translating, and alterations to
histograms and RGB values [9], [10]. More recent approaches
use Generative Adversarial Networks (GANs) to generate
new augmented images [11], [12], [13], [14], [15]. After
training the GAN on an unlabelled dataset, the generator can
be used to augment the original dataset with newly generated
images from the same statistical distribution as the original
dataset.

These data augmentation approaches use images from
the original dataset as a base for generating the new
augmented images. A different strategy is to generate the
images for the augmented dataset from a simulation of
the physical world (e.g., environment, world physics, and
cameras). The simulated scenes are easy to randomize, and
a dataset of synthetic images can be generated [16]. RGB
cameras generate high-level data filled with information.
For this reason, simulating camera sensors is complex, and
detailed graphical and physical simulators are needed to
generate realistic images. Modern game engines, such as
Unity [17] and Unreal Engine [18], among others, are good
simulator candidates, capable of rendering photorealistic
images in just a few milliseconds, simulating realistic
physical interactions between objects, and offering powerful
scripting and design tools to recreate detailed artificial
scenes [16], [19].

Although some researchers have already developed image
data generators based on game engines for object recognition
and detection [20], there are few solutions for generating syn-
thetic videos specifically tailored for action recognition, and
these are often designed for highly specific scenarios [21].
In this paper, we introduce a synthetic video generator
created in Unity capable of producing videos featuring a
synthetic avatar performing preselected actions in front of
a simulated camera. The generated videos possess various
degrees of randomization, including background image,
lighting intensity and color, camera position, animation
speed, and avatar appearance. Furthermore, the videos are
automatically labeled with action classes and skeletal data.
We tested the generator for recognizing gentle gymnastic
exercises performed by a human subject in videos. Initially,
we recorded a small dataset of real subjects executing a
set of gentle physical exercises and then augmented it with
a dataset of synthetic videos generated using our synthetic
video generator. Both the real and augmented datasets were
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used to train two state-of-the-art video action recognition
models (I3D [22] and Timesformer [23]).

This work is part of a European project called DrVCoach,
which aims to develop a robotic coach for monitoring and
motivating seniors in performing a daily gentle physical
exercise routine to maintain their physical fitness as they
age.!

The remainder of the paper is organized as follows:
Section II presents existing related works on video action
recognition and data augmentation; Section III describes
in detail the proposed synthetic data generator; Section IV
defines the task on which we tested the generator; Section V
presents the results obtained on I3D and Timesformer
models; and Section VI draws the conclusions.

Il. RELATED WORKS

In image action recognition, two main sub-tasks must
be addressed: action representation and action classifica-
tion [24]. Action representation involves extracting signif-
icant features from images for action classification, while
action classification is the process of categorizing actions
based on these features. Early action recognition algorithms
tackled these tasks separately, utilizing handcrafted features
to represent actions [25], [26], and employing standard
approaches, such as Support Vector Machines (SVM) and
k-means, for recognition. However, in recent years, with
advancements in computational power and the availability
of larger video action recognition datasets [27], [28], [29],
DL models have emerged as a comprehensive solution that
combines action representation and classification. Over the
past decade, CNNs have become the de facto standard for
image recognition [30], [31], [32]. Nevertheless, in the last
three years, models based on ViT architecture [33] are quickly
replacing CNNs [23], [34], [35], [36]. For a comprehensive
review of video transformers, please refer to the work of
Selva et al. [3].

When transitioning from images to videos, the time
dimension is added to space and color dimensions. Videos
are sequences of images that unfold over time. While
models designed for image analysis can be used for video
analysis, it is essential to consider the temporal dimension
inherent in videos. For this reason, state-of-the-art models for
video analysis are designed to capture temporal information.
These models include Optical flow based methods [31], 3D
CNNs [30], Recurrent Neural Networks (RNN) [32], [37] and
ViT with space-time attention [23].

As we have already pointed out, CNNs and ViT are the
most popular models in image analysis. These models require
a substantial amount of data for successful training. Several
data augmentation techniques for image analysis have been
introduced and well-presented in recent review papers by
Shorten and Khoshgoftaar [9], Khalifa et al. [10]. These
surveys provide a comprehensive overview of image data
augmentation, covering basic image manipulations such as

lhttps://drvcoach.l.mica.it/
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geometrical and color space transformations, kernel filters,
noise injection, mixing images, and random erasing. They
also delve into more recent DL approaches, including
feature space augmentation, adversarial training, GAN-based
techniques, and Neural Style Transfer.

A different approach involves the generation of synthetic
images using simulators capable of emulating the appearance
and physics of the real world. As an example, authors
in [38] developed and evaluated synthetic human data for
improving human action recognition, particularly with regard
to generalization across unseen viewpoints. The new data
generation methodology they proposed is called SURRE-
ACT and allows the training of spatio-temporal CNNs for
action classification. The synthetic videos are created by
superimposing one or more virtual avatars performing the
desired actions onto a background that represents a real scene.
While this approach is similar to ours, we believe it is less
flexible. By using a game engine to create the virtual scene,
we can easily modify lighting parameters and, in future work,
update our model by adding objects to the scene (e.g., chairs,
tables) and incorporating avatar-object interactions. Another
example is provided by [39], where the authors explored the
generation of synthetic training data for action recognition.
Specifically, they introduced an interpretable parametric
generative model for human action videos, leveraging proce-
dural generation techniques and advanced computer graphics
capabilities from modern game engines. By combining their
extensive set of synthetic videos with small real-world
datasets, they achieved high recognition performance. The
actions used to generate the synthetic data were procedurally
created by combining Motion Capture (MoCap) data with
programmatically defined actions. Although MoCap data
is highly accurate, MoCap setups are costly and time-
consuming to implement. In our approach, we extract 3D
action parameters directly from 2D videos, eliminating the
additional time and costs associated with the motion capture
process.

Game engines are often employed for generating new
images due to their powerful graphic and physics engines.
Unreal Engine, for instance, was used by Tremblay et al. [16]
to create a photorealistic dataset for object detection. The
authors were able to vary several features of the images, such
as object positions, background, illumination, and camera
positions. The concept of producing a synthetic dataset with
high variability in the scene depicted in the generated images
is emphasized by the Domain Randomization (DR) paradigm
introduced by Tobin et al. [19]. In DR, the simulated scene
parameters need to be highly randomized to generate images
that fully cover the data distribution to be learned. Augmented
datasets generated in this way contain a high variability
in lighting, object shapes, textures, camera positions, and
physics behaviors. When dealing with videos, it is essential
to consider the correlation between time and space, not only
in the design of learning models but also in the generation
of training datasets. For instance, geometric and color
space transformations must be kept consistent throughout
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an entire video sequence. In GAN-based and Neural Style
Transfer data augmentation techniques, generators can be
implemented using time-domain-specific models, such as
3D CNNs or convolutional RNNs. In simulations, on the
other hand, the physical interaction between objects (e.g.,
rigid bodies interaction, and gravity), their motions, and the
animation of subjects in the scene become crucial aspects for
the generation of synthetic videos [40].

While several large RGB video datasets for generic action
recognition tasks already exist [41], [42], [43], [44], [45],
[46], [47], [48], [49], for more specific action recognition
tasks, additional data may need to be collected. One solution
is fine-tuning the DL model on these large generic video
datasets. A different approach to address the shortage of data
is the use of data augmentation techniques specific to videos.
The recent survey titled ““Survey on videos data augmentation
for deep learning models™ [40] provides a deep analysis of
video data augmentation through simulation.

In contrast with the mentioned approaches, in this paper,
we introduce a new synthetic video generator specifically
designed for action recognition. Our decision to develop
this tool arose from the absence of readily available
and user-friendly solutions capable of meeting our unique
randomization requirements. While some existing solutions
address object detection in static images, such as the Unreal
Engine 4 plugin ‘NVIDIA Deep learning Dataset Synthesizer
(NDDS)’ [20], and others offer tools for generating synthetic
videos for action recognition, such as ElderSim, a platform
for synthetic data generation focusing on human action
recognition within house interiors [21], none of these options
provides the level of flexibility and randomization required
for our augmented action recognition dataset.

IIl. SYNTHETIC VIDEO GENERATOR

In this paper, our primary objective is to address the challenge
of action recognition from videos. To overcome the scarcity
of data for this task, we have developed a video generator
capable of producing synthetic videos featuring a subject
performing specific actions. Indeed, our tool allows us to add
new skeletal animations, randomize background skyboxes
using user-selected HDRI images, procedurally randomize
avatar appearance and age, and introduce randomization in
lighting, camera position, and animation speed. This versatile
tool serves a dual purpose: it can augment preexisting
datasets, enriching them with diverse examples, or create
entirely new datasets tailored to specific research needs. Our
generator is implemented using the Unity game engine [17]
along with the Perception [50] and Synthetic Humans [51]
packages.

Game engines are optimal tools to generate personalized
scenarios, simulate real world physics, and render realistic
images. Unity, together with Unreal Engine, is one of the
most used game engine for game development, design and
research. Unity in particular stands out from the competition
for several reasons such a user friendly interface, a complete
and practical C# scripting API, cross platform building
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FIGURE 1. Example of a frame rendered by the synthetic video generator.

options, a large online asset store, and a free to use plan
for projects without revenue. Moreover, Unity posses several
plugins specifically develop for researchers in Computer
Vision, Artificial Intelligence and Robotics. Unity Perception
Package is a toolkit for generating synthetic datasets for com-
puter vision. It offers a set of predefined and customizable
scene randomizers, automatic labelling tools, and a C# library
to customize all the parameter of the data generator. Synthetic
Humans, on the other hand, is a plugin to procedurally
generate and place human avatars in a virtual scene.

The videos generated by our tool feature a virtual
humanoid avatar placed in a highly randomized scene, with
the avatar performing one action randomly selected from a
pool of preselected actions. The pool of actions used in our
tests was derived from real videos using the pose landmark
detection pretrained model from the MediaPipe library [52].

MediaPipe Solutions is a suite of libraries, models,
and tools for applying Al and ML to vision, text, and
audio analysis. MediaPipe’s pose landmark detection model
is capable of detecting body pose landmarks in image
coordinates and in 3D world coordinates from images or
videos. We created a few scripts to extract the 3D body pose
from videos of a human subject performing gentle gymnastic
exercises, which we later used to generate Unity animation
clips for our generator.

Figure 1 illustrates a frame rendered by our synthetic video
generator. The scene features a human avatar engaged in an
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exercise, set against various indoor or outdoor environments.
The background is created using a skybox with a randomly
selected HDRI texture. The textures used in this study are
selected from the ‘HDRI Haven’ Indoor, Nature, and Urban
free assets available in the Unity Asset Store.”

The HDRI background plays a crucial role in the scene’s
global illumination, complemented by the inclusion of a
directional light with adjustable color and intensity. The
virtual camera responsible for capturing frames consistently
faces the avatar. However, we introduce randomization in
various aspects, including its distance from the avatar, vertical
and horizontal translations, longitudinal axis rotation, and 3D
spatial positioning.

Additionally, the avatar itself is procedurally generated
using the Synthetic Humans Unity package. This package
has the capability to create human avatars with randomized
features, such as age, gender, ethnicity, height, weight, and
clothing, all derived from the available asset pools. For
this study, we generate avatars using the default asset pool
provided by the package. For each video generated, the
synthetic video generator provides the following outputs:

1) A.png image for each frame of the video. The

resolution of the images is an adjustable parameter of
the generator.

2https:// assetstore.unity.com/publishers/49283
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FIGURE 2. The 11 exercises used as classes for our datasets.

2) A.csv file for each frame that includes information
on various labels automatically calculated by the
generator. This information encompasses the name
of the action, 3D camera pose, 3D global pose
of each joint of the avatar, 2D pose of each
joint in camera space, and avatar metadata (age,
ethnicity, etc.).

The synthetic video generator and the MediaPipe scripts for
extracting skeletal animations from videos and converting
them into Unity animation clips are accessible online through
the provided link in the footnote.>

IV. VIDEO ACTION RECOGNITION TEST

To evaluate the performance of our Synthetic Data Generator,
we conducted an action recognition task. The objective
of this task was to recognize one out of the 11 gentle
gymnastic exercises performed by a human subject in a video.
Figure 2 displays the 11 exercises classified during the test,
selected in consultation with a professional personal trainer.
Gentle gymnastics represents a form of physical activity
that involves slow and progressive movements designed
to mobilize the entire body. These exercises are suitable
for individuals with varying levels of training, including
sedentary office workers, older adults, and athletes. Regular
participation in gentle gymnastics offers several advantages,
including weight management, posture enhancement, and
muscle toning. For older adults, a daily routine of gentle

3 https://github.com/nigno17/Synthetic-video-generator
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gymnastic exercises can contribute to maintaining better
physical fitness. Video action recognition models can be
employed by virtual or robotic coaches to assist older adults
in maintaining an active and healthy lifestyle. To assess the
effectiveness of our approach, we trained and tested two state-
of-the-art video action recognition models on datasets that we
collected and generated. Initially, we gathered a small real-
life video dataset in our laboratory, which we subsequently
expanded by generating a larger synthetic dataset using our
Synthetic Video Generator. In the remaining part of this
section, we will provide details about both the collected and
generated datasets, as well as the action recognition models
employed in our tests.

A. COLLECTED DATASET
We gathered 23 students from the Department of Mathemat-
ics and Computer Science at the University of Cagliari to
collect two different sets of videos. The first set was recorded
using the Intel RealSense D455 camera, while the second one
used the onboard camera of the Xiaomi Poco3 cellphone.
Each student performed each of the 11 exercises ten times,
and we captured a video for each repetition. After reviewing
the video data, we removed a few repetitions that were not
captured properly, slightly reducing the size of the datasets.
Informed consent of recording and storing those videos was
obtained by all of them.

The first twenty students were recorded in a controlled
environment inside our lab. The position of the RealSense
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FIGURE 3. Examples of frames collected in real-life. Upper row: frames from training and validation datasets collected in the lab. Bottom
row: frames from the outdoor test dataset.

camera remained fixed in front of the subjects and was
not changed throughout the entire recording session. This
dataset was split to create a training set from the first
15 students’ recordings and a validation set from the last
five students. See the upper row of Figure 3 for some
example frames extracted from the training and validation
set videos.

The video recordings of the last three students were used
to create our test set. Videos in this dataset were collected
outdoors, in the courtyard of our department, under variable
light conditions, in multiple spots, and with variable camera
positions. This dataset aimed to emulate a more realistic
setup. The bottom row of Figure 3 displays some example
frames extracted from this dataset.

To summarize, we divided our data into three datasets:
1) Collected training set: This dataset, used for training,

contains 1647 videos. Each video corresponds to one
repetition of one of the 11 exercises executed by
one of the first 15 students recorded in the lab.
Each exercise was repeated roughly 10 times by each
student.

2) Validation set: This dataset, used for validation,
contains 539 videos. Each video corresponds to one
repetition of one of the 11 exercises executed by
the remaining five students recorded in the lab. Each
exercise was repeated roughly 10 times by each
student.

3) Test set: This dataset, used for testing, contains
329 videos. Each video corresponds to one repetition
of one of the 11 exercises executed by one of the three
students recorded outdoors. Each exercise was repeated
roughly 10 times by each student.

Training, Validation, and Test collected datasets are accessi-
ble online through the provided link in the footnote.*

B. GENERATED DATASET

To test the capability of our Synthetic Data Generator,

we generated a synthetic video dataset. We extracted the body
4https://drive.google.

com/drive/folders/1GzkfOD9byPzOhIPMceiBB6DRACHRX4Ud?usp=

drive_link
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motions from all the videos in the “collected training set”
using the Mediapipe pose landmark detection model. We then
imported those body motions as Unity animation clips into
our synthetic video generator via a C# script. We generated a
dataset of 5000 videos displaying a human avatar performing
one of the 11 exercises based on the imported animations.
Each video was generated by randomizing avatar appearance
(age, ethnicity, height, gender, body mass, and clothes),
background images, scene illumination (color, intensity,
and direction), animation speed, and camera position and
orientation. Figure 4 displays some example of generated
frames.

The generated data was used to create two new training
sets:

1) Generated training set: This training contains
5000 videos and includes all the videos generated with
the Synthetic Data Generator.

2) Augmented training set: This training set contains
6647 videos. It combines the 5000 videos gener-
ated with the Synthetic Dideo Generator with the
1647 videos collected in the lab for the ‘“collected
training set”.

C. VIDEO ACTION RECOGNITION MODELS

To evaluate our datasets, we opted to employ two cutting-
edge models: one based on Convolutional Neural Networks
(CNNs), known as I3D, and the other utilizing Vision
Transformer (ViT) architecture, referred to as Timesformer.
We conducted our experiments using MMAction2 [53],
an open-source PyTorch toolkit designed for video analysis.
MMAction2 offers support for a wide range of models
tailored for various video comprehension tasks, including
action recognition, skeleton-based action recognition, spatio-
temporal action detection, and temporal action localization.
Additionally, it features an intuitive configuration script
system for dataset management, model parameter configura-
tion, and training and testing procedures. For both I3D and
Timesformer, we employed pretrained weights trained on the
ImageNet dataset.
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FIGURE 4. Examples of generated frames for our synthetic dataset. Please notice the range of scene randomization such as background
images, illumination, avatar model, camera position and performed action.
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FIGURE 5. Two-Stream Inflated 3D-ConvNet (13D) model. Carreira and

Zisserman [22].

The Two-Stream Inflated 3D ConvNet (I3D) [22] is a
video action recognition model based on 3D CNNs. I3D
addresses the temporal aspect in videos through two primary
mechanisms. Firstly, it employs a two-stream architecture to
process both the actual RGB frames and a stream of optical
flow (OF) maps using two identical CNN replicas. Secondly,
it inflates the kernels and pooling layers of the two CNNs
making them three dimensional. In the final model, the first
stream takes a sequence of temporal RGB frames as input,
while the second processes a sequence of extracted OF maps
(as depicted in Figure 5). The inflated 3D CNNs in the 13D
architecture are built upon the foundation of the ResNet50
network [54].
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The Timesformer architecture [23] is an extension of the
ViT model tailored for video action recognition. The attention
model in Timesformer not only encompasses the spatial
domain but also extends its influence over the temporal
domain. The input to the Timesformer model consists of
a sequence of RGB frames, with each frame divided into
N non-overlapping patches. The self-attention mechanism,
known as Divided Space-Time Attention, initially calculates
the temporal attention between a patch and all corresponding
spatial patches in other frames. Subsequently, it computes
the spatial attention for the resulting temporal encoding with
respect to all other patches within the analyzed frame (as
shown in Figure 6).
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FIGURE 6. Example of the Divided Space-Time Attention model on a sequence of 3 frames. First, the temporal attention is calculated
(green patches). Second, the spatial attention is calculated (red patches). Bertasius et al. [23].

TABLE 1. 13D validation and test accuracy results on our three training
sets.

13D

| Validation Accuracy | Test Accuracy

Traning set | Top-1 Top-5 | Top-1  Top-5

Generated 0.748 0.996 0.733 0.994

Collected 0.920 0.996 0.191 0.571

Augmented | 0.931 1.000 0.833 0.994
V. RESULTS

In this section, we present the outcomes of our tests.
Our experimental setup was deliberately designed to
replicate a real-world scenario characterized by the
scarcity of data and the challenges of generalizing
across highly variable conditions. In practical applications,
access to large, well-curated datasets is often unrealis-
tic, particularly when dealing with real-life, in-the-wild
environments.

Our primary objective is to address this gap by demon-
strating the effectiveness of our data augmentation approach
in simulating the high variability of real-world test sets,
which typically differ significantly from controlled training
environments. In this specific case, the model is trained
on a limited, biased dataset and tested on data recorded in
uncontrolled, diverse conditions. The performance of any
model under such constraints is bound to be lower than
in ideal scenarios, but this limitation is what makes our
proposed solution relevant. The gap between training and
test conditions represents the challenge our augmentation
technique aims to mitigate.

While additional experiments might yield further insights,
our approach mirrors real-world constraints where the luxury
of retraining or collecting more comprehensive data is rarely
an option. Instead, the focus of our work lies in leveraging
synthetic data to address these practical limitations and
improve generalization.

We trained both the I3D and Timesformer models on
the three training sets that were previously collected and
generated: the collected training set, the generated training
set, and the augmented training set. Following the training
phase, we evaluated each model on both the validation
and test sets described in the preceding section. Our
evaluation focused on two key metrics: Top-1 and Top-5
accuracy. All tests were conducted on a laptop equipped
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with an AMD Ryzen 9 5900HX CPU and an NVIDIA
GeForce RTX 3080 Laptop GPU. In each experiment,
we trained the models, which were pretrained on ImageNet,
for 15 epochs. Each frame was resized, with the smaller
dimension reduced to 256 pixels, and central cropped to
obtain 224 x 224 images. The ImageNet normalization was
then applied to each cropped frame. For both networks,
we utilized the stochastic gradient descent (SGD) optimizer
with a learning rate of 0.005, a momentum of 0.9 and a weight
decay of 0.0001.

A. I3D TESTS

Table 1 summarizes the validation and test Top-1 and
Top-5 accuracy achieved by the I3D model, trained on our
three training sets: the synthetic generated dataset, the lab-
collected dataset, and the augmented dataset containing data
from both sources. Looking at the validation results, the
networks trained on the collected and augmented datasets
outperformed of almost a 20% the model trained on the
generated dataset in terms of Top-1 accuracy, with the
latest achieving slightly better results. This outcome was
expected, given that the validation set was captured under
conditions identical to the collected training set, except
for different subjects (same location and camera position).
Nonetheless, the diversity of the generated training set
enabled the model trained on it to achieve a remarkable
75% Top-1 accuracy on the validation set. Notably, all
trained networks achieved nearly 100% Top-5 accuracy,
indicating that even in cases where the first prediction was
incorrect, they assigned high probabilities to the correct
action.

The results on the test set diverged significantly from
those on the validation set. The test set was collected under
entirely different conditions from the collected training and
validation sets. All videos in the test set were recorded
outdoors in various locations within the university courtyard,
using a different camera with varying subject-to-camera
positions for each video. Consequently, the Top-1 accuracy
of the model trained on the collected training set dropped
significantly to 19%, rendering its predictions unreliable.
In contrast, the models trained on the generated and
augmented training sets maintained Top-1 accuracies around
73% and 83% respectively. Notably, the performance on the
test set compared to the validation set dropped by only 2%
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FIGURE 7. Confusion matrices obtained by running the 13D model on the test set, trained on the generated, collected, and augmented

training sets.

when using the generated set for training, indicating that
the generated videos are varied enough to cover the data
distribution of both the validation and test sets. However,
training with the augmented set resulted in an 10% drop,
decreasing from 93% on the validation set to 83% on the
test set. This decline was attributed to the inclusion of the
biased collected data in the augmented training set. The Top-
5 accuracy results exhibited a similar trend to the Top-1, with
the model trained on the collected training set experiencing
a drop from 99% to 57%, while the models trained on the
generated and augmented sets maintained Top-5 accuracies
of approximately 100%.

To gain deeper insights into the classifiers’ behavior for
each class, conducting a per-class analysis of the test set
results is essential. Figure 7 illustrates the confusion matrices
obtained by running the three versions of the I3D model on
the test set. The left matrix corresponds to the model trained
on the generated training set, the center one to the model
trained on the lab-collected training set, and the right one to
the model trained on the augmented training set. Consistent
with the overall accuracy results, the models trained on the
generated and augmented sets demonstrate proficiency in
correctly classifying most of the classes. However, when
exclusively using generated synthetic data for training, the
I3D model encounters challenges in distinguishing between
forward and backward arm rotations. It tends to classify
all clips from these two classes as forward arm rotations.
This difficulty arises due to the similarity between the two
exercises, sharing the same body position with the only
distinction being the direction of arm rotation. Additionally,
the skeletal poses extracted from videos, utilized to generate
the synthetic dataset, can introduce noise, contributing to
the ambiguity in the generated clips. A similar, albeit less
pronounced, issue is observed for standing and seated torso
rotations. The absence of a chair in the generated clips for
the seated torso rotations class makes it more challenging
to differentiate from the standing version of the exercise.
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TABLE 2. Timesformer validation and test accuracy results on our three
training sets.

Timesformer

| Validation Accuracy | Test Accuracy

Traning set | Top-1 Top-5 | Top-1  Top-5
Generated 0.768 0.979 0.812 1.000
Collected 0.892 0.994 0.541 0.912
Augmented | 0.870 0.989 0.824 1.000

Notably, training the I3D model on the augmented set, which
combines both generated and lab-collected data, alleviates
these issues. In the confusion matrix on the right-hand
side of Figure 7, forward and backward arm rotations,
as well as standing and seated torso rotations, are better
classified. The increased fidelity of avatar motions and the
inclusion of the chair for the seated exercises in the collected
data contribute to improved performance in these classes.
Conversely, the network trained solely on collected data
exhibits a complete failure on the test set. The lack of diversity
in the lab-collected data prevents the model from generalizing
effectively, as evidenced by the sparsely distributed confusion
matrix.

B. TIMESFORMER TEST

The Timesformer model’s results mirrored those of the I3D
model, as shown in Table 2, displaying Top-1 and Top-5
accuracy results for both validation and test sets. The format
of the table aligns with that of Table 1. For the validation set,
the Timesformer model achieved commendable results when
trained on all three training sets, with Top-1 accuracy ranging
from 77% to 89% and Top-5 accuracy consistently reaching
98% or 99%. Similar to the I3D case, the model trained on
the collected and augmented datasets exhibited over 10%
better Top-1 accuracy compared to the model trained on the
generated dataset. This advantage can be attributed to the
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FIGURE 8. Confusion matrices obtained by running the Timesformer model on the test set, trained on the generated, collected, and

augmented training sets.

identical collection conditions of the lab-collected training set
and the validation set.

However, the drop in Top-1 accuracy on the test set was
less pronounced for the Timesformer model compared to
the I3D model when trained on the collected set, achieving
an accuracy of 54%. Yet, the model’s performance still
decreased significantly compared to the results on the
validation set. Remarkably, due to the greater variability
in the generated data compared to the collected data, the
model trained on the generated datasets improved its Top-
1 accuracy on the test set, achieving 81%. This outcome
suggests that the generated videos encompassed sufficient
variability to match the data distribution of both the validation
and training sets. Notably, the Timesformer model performed
better on the test set than on the validation set, potentially
indicating better generalization compared to the 13D model,
which exhibited a slight tendency to overfit to the collected
training set.

Figure 8 displays the confusion matrices obtained by
the Timesformer on the test set. The results align with
those of the I3D model shown in the previous subsection.
Compared to the I3D, the Timesformer model appears
to be less affected by overfitting and demonstrates better
generalization on the test set. The challenges in classifying
forward and backward arm rotations, as well as standing
and seated torso rotations, observed in the I3D model
trained solely on generated data are less pronounced when
using the Timesformer. Furthermore, the model trained
on lab-collected data, while still underperforming, exhibits
better generalization on the test set compared to the I3D,
evident in a confusion matrix with higher values along its
diagonal.

VI. CONCLUSION

In this paper, we introduced a novel synthetic video
generator developed in Unity for video action recogni-
tion. We harnessed this tool to create a video dataset
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tailored for the recognition of gentle gymnastic exercises.
Our approach involved testing this generated dataset as
the training set for two state-of-the-art video recognition
models, I3D and Timesformer. We then compared the
performance of models trained on the generated dataset with
those trained on a dataset previously collected within the
laboratory.

The results of our experiments demonstrated a signif-
icant enhancement in the generalization capabilities of
both models when augmented with data generated by our
tool. Furthermore, our findings illustrate that a dataset
exclusively comprised of synthetic data is sufficient to
train models for recognizing actions within videos col-
lected in real-world settings, where conditions encom-
pass variable locations, lighting, subjects, and camera
positions.

While the results presented in this paper are promising,
we are eager to further test and expand our model to
enable more comprehensive comparisons with state-of-
the-art methods. The first step is to upgrade our Unity-
based synthetic generator to create videos featuring multiple
actors and human interaction. Adding this feature will
allow us to make a more thorough comparison with other
models, as many of the benchmark datasets used by
leading state-of-the-art works contain human interaction
videos with multiple actors (e.g., UCF101 [43] and HMDB-
51 [42] in [39], and NTU RGB+D [55] in [38]). Another
interesting improvement to explore is the inclusion of
external objects in the scene to better represent actions
involving object interaction. We are developing a procedural
method to incorporate handheld objects (e.g., cups, cell-
phones, laptops) and interactive objects (e.g., chairs, tables,
doors).

To facilitate further research and experimentation, we have
made both our Unity synthetic video generator and the
collected datasets available online. Interested researchers
are encouraged to refer to Section III and Section IV
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for access to these valuable resources, enabling the
broader research community to leverage them in their
work.
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