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Abstract— Human action recognition is a challenging prob-
lem, particularly when there is high variability in factors such
as subject appearance, backgrounds and viewpoint. While deep
neural networks (DNNs) have been shown to perform well on
action recognition tasks, they typically require large amounts of
high-quality labeled data to achieve robust performance across
a variety of conditions. Synthetic data has shown promise as a
way to avoid the substantial costs and potential ethical concerns
associated with collecting and labeling enormous amounts of
data in the real-world. However, synthetic data may differ
from real data in important ways. This phenomenon, known
as domain shift, can limit the utility of synthetic data in
robotics applications. To mitigate the effects of domain shift,
substantial effort is being dedicated to the development of
domain adaptation (DA) techniques. Yet, much remains to be
understood about how best to develop these techniques. In
this paper, we introduce a new dataset called Robot Control
Gestures (RoCoG-v2). The dataset is composed of both real and
synthetic videos from seven gesture classes, and is intended to
support the study of synthetic-to-real domain shift for video-
based action recognition. Our work expands upon existing
datasets by focusing the action classes on gestures for human-
robot teaming, as well as by enabling investigation of domain
shift in both ground and aerial views. We present baseline
results using state-of-the-art action recognition and domain
adaptation algorithms and offer initial insight on tackling the
synthetic-to-real and ground-to-air domain shifts. Instructions
on accessing the dataset can be found at https://github.
com/reddyav1/RoCoG-v2.

I. INTRODUCTION

Human action recognition from ground-based cameras
and/or airborne videos (e.g., from unmanned aerial vehicles)
is a challenging problem and has received much attention in
the computer vision and robotics literature. Action recogni-
tion can enhance human-agent teaming through gesture com-
munication, help search and rescue efforts, enable learning
by social imitation, and increase social awareness (e.g., au-
tonomous driving). In recent years, remarkable performance
using deep neural networks (DNNs) has been obtained for
action classification [2], [3], [4], [5], [6], [7], [8], [9], [10],
[11]. While classification accuracy is critical, equally impor-
tant are data efficiency and robustness to varying viewpoints.

Traditionally, action recognition from videos collected by
ground-based and airborne cameras has been treated as two
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Fig. 1: a): Many existing domain adaptation datasets, includ-
ing VisDA [1], focus on image classification or semantic
segmentation. b): In this paper, we investigate domain adap-
tation techniques across two domains: synthetic-to-real and
ground-to-air, focused on human action recognition.

separate problems. There are many instances where the
training dataset is collected from ground-based cameras and
the test data is acquired by unmanned aerial vehicles (UAVs),
or vice versa. This problem is challenging due to the large
appearance and geometry-based domain shift between the
two acquisition conditions. Over the last decade, new classes
of methods known as domain adaptation have been proposed
to address such shifts. Domain adaptation (DA) seeks to
close the gap that occurs when DNNs are applied to a
target distribution (e.g., real-world video) that has different
characteristics than the source training distribution (e.g., syn-
thetic video). To transfer knowledge across domain-shifted
data distributions, it would be beneficial to have a feature
representation that effectively reduces biases contributing
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to the domain shift. A variant of domain adaptation is
unsupervised domain adaptation (UDA), which attempts to
adapt models trained on labeled source domain data using
unlabeled data from the target domain. Given the high cost
of labeling data, the prospect of relying mostly on simulation
and incorporating a limited amount of real data, without the
need for labeling, is attractive in many applications. Over the
last decade, domain adaptation methods have been designed
for many computer vision problems (such as object recogni-
tion, semantic segmentation, action recognition, etc.) using
datasets such as Office Dataset [12] and DomainNet [13].
However, in spite of this progress, much still remains to be
understood about how to develop general solutions to close
the source-to-target gaps.

One domain shift of particular relevance is that between
synthetic and real data. Synthetic data is becoming increas-
ingly critical to sustaining the deep learning revolution [14],
[15], [16], [17]. Recent years have experienced remarkable
performance of DNNs in many areas of robotics which
include visual perception, question and answer tasks, naviga-
tion, and control. However, training a DNN typically requires
large amounts of high-quality labeled data, which is often the
main bottleneck in the model development process. Synthetic
data offers a potential solution to this challenge since it is
usually easier to acquire, controllable, pre-annotated, less
expensive, inexhaustible, and can avoid practical and ethical
issues (e.g., security and privacy concerns). However, a
central challenge occurs when attempting to transfer a DNN
trained on synthetic data to a real domain.

As seen in Fig. 1, in this paper we consider the problem
of adapting action recognition models trained on synthetic
data for use on real data. In addition to the synthetic-to-real
shift, we also consider the domain shift due to differences
in viewpoint.

In summary, the paper makes the following contributions:
• A novel dataset (RoCoG-v2) for the study of domain

adaptation solutions, composed of synthetic and real
videos from seven gesture classes, from both the ground
and air perspectives;

• Baseline experiments on the dataset using state-of-the-
art gesture recognition and domain adaptation algo-
rithms;

• Insight on the synthetic-to-real and ground-to-air do-
main adaptation challenges, which have considerable
practical relevance for robotics applications.

II. RELATED WORK

a) Synthetic Datasets: The use of synthetic data to
augment difficult-to-acquire real data is an active area of re-
search with many promising results [16], [17]. The impact of
using synthetic data is particularly relevant in robotics where
real-world data can be challenging to collect, expensive to
label and is often not robust to changing environments and
contexts. For this reason, many synthetic datasets have been
introduced in recent years including VisDA [1] for domain
adaptation techniques in image classification and segmen-
tation, synthetic datasets for ground robots [18], [19], [20],

aerial robots [21] and action recognition including [22], [23],
[24]. Action recognition from aerial videos has also been
studied extensively [25] and aided by datasets like [26], [27],
[28]. [29] introduces the NEC-DRONE dataset for ground-
to-air domain adaptation. Further, many simulators have also
been developed to support generation of synthetic data. These
simulators, including CARLA [30], GTA [31], NVIDIA
ISAAC/Omniverse [32], Habitat [33], [34], AI2Thor [35],
and iGibson [36] allow users to create virtual environments
that provide error-free, ground truth annotations.

b) Synthetic-to-Real Transfer: Many studies have also
explored synthetic-to-real transfer by leveraging synthetic
data generated from simulation environments to pretrain
a neural network, thereby reducing the amount of data
needed in real-world settings [37], [38]. Deep Adaptive
Networks (DAN) [39] uses a Hilbert space representation
for the embedding representations to match different domain
distributions. Adversarial Discriminative Domain Adaptation
(ADDA) [40] and Generate to Adapt [41] are domain adap-
tation techniques that use unsupervised data to learn a joint
feature space between the source and target distributions.
CyCADA [15] extends existing adversarial domain adap-
tation techniques by adding a cycle-consistency constraint
for unsupervised adaptation from synthetic to real-world
driving domains. Randomized-to-Canonical Adaptation Net-
works (RCANs) [42], GraspGAN [43], RetinaGAN [44],
Closing the Sim-to-Real Loop [45], and the work described
in [46] leverage simulation and domain adaptation tech-
niques for robot manipulation and grasping. VR-Goggles
for Robots [47] focuses on converting real images back
to simulation for visual control of robots in indoor and
outdoor environments. The authors of [48] use synthetic-to-
real techniques to improve mobile robot control policies on
uneven, complex outdoor environments. Two UDA methods
of particular relevance in this paper are Domain Adversarial
Neural Network (DANN) [49] and Contrastive Conditional
domain Alignment (CO2A) [50], which are used in baseline
experiments on the RoCoG-v2 dataset (see Sec. IV). DANN
employs an adversarial approach to domain alignment with
the use of a gradient reversal layer. CO2A, on the other hand,
uses contrastive losses at both the frame- and video-level to
perform domain adaptation.

RoCoG-v2 is unique among its counterparts in that it con-
sists of two different types of domain shifts (synthetic-to-real
and ground-to-air). It also offers a greater volume of videos
(107,478 in total) than comparable synthetic-to-real datasets
like Mixamo-Kinetics (which contains 36,195 videos) [50].
In addition, RoCoG-v2 includes videos rendered using Mo-
Cap sequences, and thus exhibits greater motion realism than
RoCoG-v1 [51]. By releasing this dataset, our goal is to
further explore the benefits of synthetic data in improving
gesture recognition for robot control.

III. DATASET

While RoCoG-v2 is useful for the general study of domain
adaptation, it focuses in particular on two challenges of high
practical relevance: the synthetic-to-real and ground-to-air
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domain shifts in gesture recognition. The dataset consists of
real and synthetic videos from seven action classes, viewed
from both the ground and air perspectives (Fig. 2). The
actions consist of seven control gestures retrieved from the
U.S. Army Field Manual [52] (Fig. 2, 1st row): follow me,
advance, halt, rally, attention, move forward,
and move in reverse. It is worth noting that some of
the gestures have similar appearance (e.g., move forward
and move in reverse), which presents an additional
challenge to action recognition algorithms. This dataset can
be seen as a more general, considerably improved version of
RoCoG-v1 [51].

The real videos were collected in two outdoor locations
with 10 adult subjects (9 males and 1 female, with diverse
age ranges and clothing types). The recordings were per-
formed with DJI M210 drones equipped with Zenmuse X4S
cameras. For the ground perspective, the drone was placed
on the ground at a 10-meter distance and oriented towards
the subject. For the air perspective, the drone was placed
15 meters away from the subject at a zenith angle of 45◦.
We recorded subjects performing the gestures both with
the drone hovering in a static location and while orbiting
the subject. The latter configuration supports studying the
algorithm’s robustness to camera ego motion. However, for
simplicity, the experiments presented in the paper focus
exclusively on the comparison between the ground and
hovering configurations. Subjects were given brief instruc-
tions about the gestures and were asked to perform several
repetitions of each gesture “in whatever manner seemed
natural to them.” The instructions lacked detail by design
to capture diversity in the performance of the gestures (e.g.,
the number of repetitions in the rally or follow me
gestures).

The synthetic data was generated using a custom simulator
built on Unity, a commercial game engine. We systematically
varied parameters for the scene and, for each scene, the
parameters for gesture performance (Table I). To increase
the visual realism of the data, we used high-quality 3D
assets from online repositories and rendered the scenes
using a high definition rendering pipeline. The gestures
were animated using two types of animation techniques
with different qualities of motion realism: skeleton-based
animation, where the gesture is animated manually by an
artist, and motion capture (mocap), where motion data is
recorded, using markers, from gesture performances by a
separate sample of human subjects. Each frame of the video
was labeled with the corresponding gesture class for periods
when a gesture was being performed. Though not leveraged
in the experiments reported in this paper, the dataset also
contains semantic segmentation masks for every frame. In
total, nearly 107K synthetic videos were rendered across the
two views.

The details of the full dataset by video type and split
are shown in Table II. To better assess generalization, we
used scene-based partitioning to produce training, validation,
and testing partitions for each domain. For each synthetic
data domain, 40 scenes were randomly selected for training,

TABLE I: Synthetic Data Parameters.

Parameter Range

Scene Parameters
Terrain Grassy, Desert
Character Male, Female
Lighting Configuration 1, Configuration 2
Camera 30◦, 90◦, 150◦, 210◦, 270◦, 330◦
Perspective Ground, Air

Gesture Parameters
Class Follow me, Advance, Halt, Rally, Attention, Move

forward, Move in reverse
Type Animation, Motion capture
Variation Three variations per gesture
Speed 1×, 1.25×
Race Caucasian, African-American, East Indian
Thickness Thin, Thick

and 8 were used for validation. For real data, 4 subjects
were carefully chosen to form the test set. The set of 4 test
subjects, which includes the only female subject, captures
variation in background location, subject body build and
subject skin color. The remainder of the subjects were used
during training.

TABLE II: Number of videos of each type in RoCoG-v2.

Train Val Test Total

Synthetic Ground 44,510 8,928 - 53,438
Air 44,640 8,918 - 53,558

Real Ground 204 - 100 304
Air 87 - 91 178

IV. BASELINE EXPERIMENTS

A. Algorithms

Baseline results are provided using action recognition
models trained on only the source domain (“Source Only”)
and target domain (“Target Only”), ideally representing the
worst-case and best-case respectively for performance on
the target domain. We also attempt to address the domain
gap using two unsupervised domain adaptation algorithms–
DANN [49], which is a classic adversarial approach to UDA,
and CO2A [50], which represents the current state-of-the-art
algorithm for synthetic-to-real video domain adaptation.

DANN performs domain adaptation by encouraging ex-
traction of domain-invariant features. This is achieved by
maximizing the loss of a domain classifier network (which
attempts to distinguish between the source and target do-
mains), while minimizing the loss of a label predictor
network (which performs the main classification task on
source domain data). We implement DANN for videos using
separate domain classifiers at the frame- and video-level.

CO2A divides the video into smaller segments denoted as
clips, runs the backbone on each clip, and aggregates the
clip-level features using a form of attention into video-level
features used for classification. Clip-level features are also
projected and utilized in either a supervised contrastive loss
or self-supervised contrastive loss for source and target data
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Fig. 2: The dataset consists of real and synthetic videos across the seven gesture classes, from both ground and air perspectives.

respectively. To perform domain adaptation, target projected
clip features are pseudo-labeled by the network’s current
prediction, and an inter-domain contrastive loss is used where
clip features from different domains, but with the same label,
are considered as positive pairs to enforce alignment.

B. Experimental Setup

Given the large discrepancy in field-of-view between the
real and synthetic videos, we pre-process the real videos to
equalize the scale of the human within the frame. Specif-
ically, we localize and crop around the human subject in
the real videos using bounding boxes produced by the
Detectron2 framework [53].

For training and evaluating action recognition models, we
use the mmaction2 [54] framework for all experiments. We
choose two backbones: the widely used I3D [6] (ResNet50-
based) model and the more recent X3D [55] (M) model.
The input to the model is a 16-frame clip of resolution
256×256, resizing the video frames if necessary, for all
methods expect CO2A, which takes four 16-frame clips as
input. For data augmentation, we use random horizontal
flip, scale augmentations and RandAug [56] for all methods
except CO2A, where we use random horizontal flip, scale

augmentation and color jitter, to be consistent with the
original implementation. For all experiments, we initialize
our models with Kinetics-400 pre-trained weights.

C. Results

The results are organized according to four domain shifts:
GS → GR, focused on the synthetic-to-real shift for ground
data; AS → AR, focused on the synthetic-to-real shift for air
data; GR → AR, focused on the ground-to-air shift for real
data only; and, GS → AR, which features both the synthetic-
to-real and ground-to-air shifts. These represent the typical
cases for many applications; however, as noted in Section VI,
this dataset can also be used to study other domain shifts.

For each domain shift, we report top-1 accuracy when
training on the source domain only, target domain only,
and when applying the two domain adaptation algorithms.
Given the significant variation in results, which likely stems
from the small test set sizes, we conduct three trials of each
experiment and report the mean and standard deviation across
them. The top-1 accuracy results are reported in Table III and
run-averaged confusion matrices are shown in Fig 3.
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TABLE III: Baseline UDA results (top-1 accuracy %) on the four domain shifts of interest in RoCoG-v2.

Method Architecture GS → GR AS → AR GR → AR GS → AR

Source Only I3D 80.3± 5.5 48.0± 6.7 52.4± 9.3 41.1± 5.5
X3D 75.3± 0.6 34.5± 6.6 54.2± 6.0 34.1± 4.0

DANN I3D 69.7± 5.5 45.4± 6.4 53.5± 1.7 41.4± 4.4
X3D 79.0± 3.6 61.2± 8.3 49.8± 1.7 64.8± 9.6

CO2A I3D 70.3± 0.6 60.4± 4.4 56.4± 3.5 45.1± 4.4
X3D 74.0± 3.0 63.0± 2.8 56.4± 8.1 32.4± 0.8

Target Only I3D 83.0± 2.7 68.1± 6.6 68.1± 6.6 68.1± 6.6
X3D 87.0± 2.7 70.3± 2.9 70.3± 2.9 70.3± 2.9

V. DISCUSSION

A. Ground (Synthetic) → Ground (Real)

Experiments in this setting indicate that our synthetic
ground data alone is reasonably effective in training models
that perform well on real ground data. When using an
I3D backbone, the source only accuracy (80.3%) is not
far off from the target only accuracy (83.0%). While this
discrepancy is larger with X3D backbone (75.3% source
only vs. 87.0% target only), the source only accuracy is still
respectable. This observation suggests the utility of realistic
synthetic data, possibly even without domain adaptation.
Interestingly, the results when employing UDA algorithms
do not show consistent improvement over the source only
accuracy. A possible explanation for this is the relatively
low severity of the domain gap in this setting compared to
the other settings evaluated.

B. Air (Synthetic) → Air (Real)

Our findings suggest that action recognition from the air
can be more challenging than from the ground, as revealed by
the direct comparison of the source only (AS → AR: 34% vs.
GS → GR: 75%, for X3D) and target only (AS → AR: 70%
vs. GS → GR: 87%, for X3D) baselines. This is possibly
due to the loss of (geometric) information as the angle of
view approaches the nadir angle.

The results show, once again, evidence of synthetic-to-real
domain shift (∼36% difference between source only and tar-
get only when using X3D). The magnitude of the synthetic-
to-real performance gap is greater for the air viewpoint
than for the ground viewpoint, which may also reflect the
increased difficulty in perceiving action from the air. In this
case, domain adaptation techniques generally improved the
accuracy (e.g., CO2A with the X3D backbone led to ∼29%
boost in performance, when compared to the source only
baseline), while still leaving room for future improvement.

C. Ground (Real) → Air (Real)

The results show, as expected, a drop in performance when
shifting from the ground to the air perspective (∼16.1%
drop with X3D). The domain adaptation techniques show
only modest improvement in performance over the source
only baseline, which may suggest that other techniques that
explicitly address the viewpoint shift may be needed to close
the gap.

D. Ground (Synthetic) → Air (Real)

The results in this setting reveal the intuitive observation
that the domain gap is largest (∼36.2% difference between
source only and target only with X3D) when both synthetic-
to-real and ground-to-air domain shifts are present. Domain
adaptation methods show only minimal improvements for
this setting, suggesting the difficulty of addressing multiple
types of domain shift simultaneously. Curiously, DANN with
X3D backbone leads to substantial improvement, albeit with
a large variance.

E. Class Confusion Analysis

The confusion matrices in Figure 3 show how errors are
distributed among the gesture classes. One observation is
that certain classes are commonly confused in all scenarios
(e.g., Move Forward and Move in Reverse). For the
GS → GR adaptation scenario (Fig 3: Top Left), we see
that Advance is misclassified most often as Attention,
which is perhaps not surprising given that the two gestures
share some characteristics when observed from a frontal
ground view. Some classes (e.g., Attention and Rally)
are confused more frequently from the aerial view than from
the ground view, leading to confusion as seen in Fig 3:
Top Right. This type of class-wise analysis may play a role
in the development of more specialized domain adaptation
techniques.

VI. CONCLUSION

Domain adaptation, which seeks to address the effects
of distributional shift that occur when DNNs are applied
in domains with different characteristics than those used
for training, is central to the success of many robotics
applications. Given the practical challenges of acquiring
high-quality, real-world labeled data and the proliferation
of synthetic data, addressing synthetic-to-real domain shift
becomes essential [16]. Here, we present a novel dataset,
with comparable real and synthetic data, to support the
development and comparison of DA algorithms for action
recognition. To further understand the generalization of al-
gorithms, we provide data acquired from different viewing
perspectives – ground and air. Our baselines reinforce the
promise of synthetic data for deep learning while still repli-
cating the typical synthetic-to-real gap. The dataset lends
itself to several potentially interesting follow up studies. For

11378



Advance 29% 5% 0% 2% 0% 0% 0%

Attention 36% 95% 0% 17% 0% 7% 0%

Rally 9% 0% 100% 0% 17% 0% 0%

Move Forward 2% 0% 0% 38% 0% 0% 0%

Halt 14% 0% 0% 0% 83% 2% 0%

Follow Me 2% 0% 0% 0% 0% 71% 0%

Move in Reverse 7% 0% 0% 43% 0% 20% 100%

Pr
ed

ic
te

d
C

la
ss

GS → GR

Advance 44% 23% 0% 0% 0% 0% 0%

Attention 20% 46% 11% 0% 5% 0% 0%

Rally 8% 31% 73% 0% 28% 0% 0%

Move Forward 0% 0% 0% 71% 0% 0% 40%

Halt 8% 0% 0% 0% 56% 0% 0%

Follow Me 20% 0% 6% 29% 11% 67% 60%

Move in Reverse 0% 0% 9% 0% 0% 33% 0%

AS → AR

Advance 56% 15% 9% 0% 36% 0% 10%

Attention 0% 64% 17% 0% 0% 0% 0%

Rally 0% 8% 29% 0% 0% 0% 0%

Move Forward 0% 0% 0% 97% 0% 0% 41%

Halt 0% 0% 0% 0% 0% 0% 0%

Follow Me 44% 13% 45% 0% 64% 100% 3%

Move in Reverse 0%

Adv
an

ce

0%

Atte
nti

on

0%

Rall
y

3%

M
ov

e Forw
ard

0%

Halt

0%

Foll
ow

M
e

46%

M
ov

e in
Rev

ers
e

Pr
ed

ic
te

d
C

la
ss

True Class

GR → AR

Advance 13% 0% 14% 0% 0% 0% 0%

Attention 18% 15% 21% 0% 28% 0% 5%

Rally 0% 26% 0% 0% 11% 0% 0%

Move Forward 0% 0% 0% 38% 0% 0% 0%

Halt 46% 0% 7% 0% 22% 5% 8%

Follow Me 15% 59% 52% 41% 25% 95% 38%

Move in Reverse 8%

Adv
an

ce

0%

Atte
nti

on

5%

Rall
y

20%

M
ov

e Forw
ard

14%

Halt

0%

Foll
ow

M
e

49%

M
ov

e in
Rev

ers
e

True Class

GS → AR

Fig. 3: Confusion matrices for action recognition in the four UDA settings using CO2A with X3D backbone (averaged across
three runs). Top Left: GS → GR, Top Right: AS → AR, Bottom Left: GR → AR, Bottom Right: GS → AR.

instance, comparing animated vs. mocap synthetic data could
provide insight on the importance of motion realism and
ablation studies could shed light on the relative contribu-
tion of each synthesis parameter. Follow-up experimentation
could also try to tease apart which aspects of the synthetic
data are contributing to performance the most. Our baseline
experiments also confirm the existence of a ground-to-air
domain gap. Here too, synthetic data was helpful, as training
from data generated for the appropriate viewing perspective
led to a boost in performance in some cases.

The richness of the dataset introduces considerable op-
portunities for further study. While we focus here on pure
RGB-based approaches, researchers have shown the value
in considering other modalities for action recognition, such
as motion flow and skeleton estimation [6], [9], [10], [11].
Scene segmentation information, which is also available for
the synthetic data, was shown to be useful in closing the
synthetic-to-real gap [15]. Prior work has further suggested
that mixing synthetic and real data, using various fine tuning
strategies, can lead to better performance than using either

of the data types alone [51], [57], [58], [59]. While our
baseline experiments focused on the most typical cases,
the synthetic-to-real and ground-to-air domain shifts, it is
possible to consider other transfer scenarios. These include
the reverse problems of shifting from the air to the ground
perspective or shifting from real to synthetic (in order to
leverage perception pipelines that have been optimized using
synthetic data). Finally, any algorithm will ultimately have to
be deployed on robotic platforms with limited compute and
power. It is, thus, important to complement the baselines
reported here with analyses of the real-time performance of
algorithms when deployed in a variety of robotic platforms.
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