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Abstract. Videos obtained by current face swapping techniques can
contain artifacts potentially detectable, yet unobtrusive to human observers. However, the perceptual differences between real and altered
videos, as well as properties leading humans to classify a video as manipulated, are still unclear. Thus, to support the research on perceived
realism and conveyed emotions in face swap videos, this paper introduces
a high-resolution dataset providing the community with the necessary
sophisticated stimuli.
Our recording process has been specifically designed to focus on human
perception research and entails three scenarios (text-reading, emotiontriggering, and free-speech). We assess the perceived realness of our
dataset through a series of experiments. The results indicate that our
stimuli are overall convincing, even for long video sequences. Furthermore, we partially annotate the dataset with noticeable facial distortions
and artifacts reported by participants.
Keywords: video forensics · video manipulation · face swapping · facial
dataset · human perception
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Introduction

Current research has lead to a breakthrough in the editing process of video
portraits enabling even the swapping of whole faces between actors with high
quality and automation levels. With enough care, the quality of the obtained face
swaps is high enough to be unobtrusive and, in some cases, even undetectable.
However, there are still many open questions on how the perception of these
manipulated videos differs from original videos, for example considering conveyed realism and emotions. Existing datasets of face swap videos were mainly
designed to train and test automatic frameworks for manipulation detection [14,
16, 27]. While these offer a large number of manipulated video portraits, their
lack of diversity in manipulation quality levels, displayed emotions, and playback
durations limits their applicability to perceptual experiments.
?
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Fig. 1. Our dataset contains face swaps from controlled (a-c) and uncontrolled (d,e)
environments using different camera angles and quality levels: (a) frontal view, (b)
frontal with low manipulation quality, (c) wider view from the right side.

We introduce a new dataset of high-resolution face swaps specifically designed
for perceptual experiments including recordings in controlled and uncontrolled
environments with durations of up to 12 minutes (see Fig. 1). We first capture
actors individually in front of a neutral white wall, while evoking a high variety
of expressions by having actors read a text, participate in an interview, and
show different emotions. Additionally, we include five uncontrolled sequences in
different environments closer aligned to real world scenarios. We create three
quality levels per face swap, allowing future experiments to further investigate
the quality of manipulation as a factor, with its consequent associated artifacts
and saliency. Our dataset is validated by perceptual experiments. We not only
asses the perceived realism of different quality levels of stimuli but also collect
data on the saliency of facial areas and noticeable artifacts. Since we add these as
annotations per stimuli, they can provide valuable insight towards which stimuli
to select for perceptual experiments.
In summary, we contribute a novel dataset for Perceptual Experiments on
Face Swaps (PEFS) which contains: i) All possibly derived face swap videos of
up to 12 minutes length between 14 actors with 3 different quality levels and
3 camera angles captured in a homogeneous, controlled environment. We also
include the corresponding real recordings totaling 630 videos; ii) A high variety
of expressions induced via three different scenarios, including a free interview to
evoke sincere emotions; iii) A set of uncontrolled sequences in real world environments featuring camera movements, varying lighting conditions, and occlusions;
iv) Experimental validation and partial annotations on the perceived realism
as well as the saliency of facial areas and notable artifacts aiding the stimuli
selection for perceptual experiments.
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Related Work

Recently video manipulation techniques like face swapping have received a high
interest from the research community leading to a fast development and improvement of facial manipulation approaches and datasets.
Facial Manipulation and Detection. Recent research on face swapping allows to
easily switch the face of an actor with another person while keeping the original
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facial expressions [7, 6, 10]. In this field, it has been proposed to use convolutional
neural networks along with the segmentation of faces [23], or adapting works in
the field of style transfer [17]. In order to avoid full training for each source and
target pair, Nirkin et al. introduced a face agnostic recurrent neural network [24].
Unfortunately, the availability and ease of use make facial manipulation techniques a target for abuse. Until now, several facial manipulation detection tools
have been proposed, including approaches based on human physiology [19, 11],
temporal inconsistencies [12], or typical artifacts from neural networks [1, 31].
Facial Manipulation Datasets and Benchmarks. Several datasets of face swap
videos have been proposed focusing on different aspects like short clips of people
reading out single sentences [17], realistic face swaps of celebrities [20], or a high
amount of face swaps for training and evaluation of neural networks [26, 27, 8, 14].
In contrast to these works, we aim to create a dataset specifically designed for
perceptual research. Therefore, we record the original videos ourselves ensuring
a high variance of actors and emotions as well as longer video duration while
keeping a consistent environment. Additionally, we include different levels of
manipulation quality and evoke various expressions.
Perception of Faces and Emotions. During social interactions, faces are essential
for conveying emotions. Previous research shows that displayed emotions can
influence viewing behaviour and that participants tend to focus on specific facial
regions when processing the displayed emotions [9, 4, 18]. However, there are a
variety of factors influencing our viewing behaviour, e.g., cultural background [5,
25], familiarity with other people [2, 30], gender [22, 29], or even artifacts [3].
Considering all these very specialised responses to human faces – and even when
face swaps, generally, aim to preserve the conveyed information and emotion of
the original actor – poses the question of how the perception of state-of-theart face swaps differs from real videos. Thus, we carefully design our dataset to
help investigating these differences by providing homogeneous, high-quality face
swaps of various actors.

3

Dataset

Capturing the videos in a controlled environment allows us to explicitly
choose a script for the recordings and obtain different expressions from each
actor. Additionally, we restrict the lighting conditions and movement range of
actors. This way, we can produce high-quality face swaps with a variety of facial
expressions while reducing external distractions. Our recording setup is shown
in Fig. 2 (left). In this setup, the actor sits at a table in front of a white wall.
There are no other items in the scene as to not distract from the actor.
Naturally, people are akin to looking straight forward instead of sideways
[28], leading to an unequal distribution of facial positions inside the recordings.
In order to increase the variety of stimuli and obtain stimuli with and without
eye-contact, we simultaneously record from three angles shown in Fig. 2. Similar
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Fig. 2. Setup of the recordings in the controlled environment and snapshots of the
recording of an actor from the three different camera angles

to forward-looking facial positions, neutral facial expressions are more probable
than non-neutral expressions, leading to an unchangeable bias inside the data in
that regard. To include a high variety of expressions, we split the recording in
three parts. First the actors had to read a short text twice. This offers us a short
sequence with minimal movements allowing for a neutral condition which can
also be generated in very high quality. In the second part, we induced 11 different
emotions (Agreement, Disagreement, Cluelessness, Thinking, Pain, Happiness,
Sadness, Anger, Disgust, Fear and Surprise) based on a method acting protocol [15]. The third and last part consisted of free-talking in which the examiner
asked the actor different questions. To guarantee the existence of different facial
positions in the third part, the conductor of the recordings made sure to stay in
the center of gaze and guided the view by walking around the room.
We also include recordings in uncontrolled environments into our dataset,
as these have a closer resemblance to many real-world scenarios. To maximize
the heterogeneity in this part of the dataset, recordings were made in several
varying lighting conditions, environments and used different camera parameters.
We recorded a set of five different scenes including actions like walking down
a hallway or eating snacks. Each action was performed by at least two actors.
We recorded the scenes from different distances, e.g. full-body views, close-ups
or angles depicting the actor from the hip up. Moreover, some videos contain
dynamic movement of the actor and camera alike as well as minor and major
occlusions.
In total, we recorded 14 actors (3 female, 11 male) of an average age of 25. We
gathered 42 controlled videos, all recorded with a resolution of 1920 times 1080
pixel in height and length between 9 and 12 minutes. Additionally we recorded
10 videos of 3 minutes each in uncontrolled environments of 3 males (age ≈ 24).
We use DeepFaceLab [6] to produce face swaps between all actors and stop
training after 25, 50 and 100 thousand epochs to create three quality levels per
video.

4

Perceptual Validation

We conducted two experiments (E1 and E2) to evaluate and annotate our
dataset. In these experiments, we asses the perceived realism along with notable
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artifacts for high and low-quality face swaps in the controlled environment. Both
experiments follow the same design and only differ in the selected stimuli. The
first experiment, E1, uses high-quality face swaps generated after 100 thousand
epochs of training (SwapHQ), while the second experiment, E2, uses the same
videos in lower quality, generated after 25 thousand epochs (SwapLQ). In the
experiments, we also included the original video (Real) of the actor for each
manipulated video. Participants either saw the real or the manipulated version
of each video. Note that the quality of the real videos is the same in E1 and
E2. We manually selected 11 representative face swaps from our dataset using
2 female-to-female and 7 male-to-male swaps. Additionally, we included 2 face
swaps of mixed genders (a female face on a male body and vice-versa). For each
of these videos, we chose a 60 second clip so that the chosen stimuli include different movements and expressions. This duration gives the viewer enough time
to fully explore the scene and can contain diverse facial expressions.
The experiment proceed as follows. First, the participant was given an explanation on the concept of face swapping and was introduced to the task of
detecting face swap videos. Each trial started with the automatic playback of a
video. The participant was not able to stop, pause or replay the stimulus. Once
the video finished, it was replaced with a screen displaying the question for the
first task (2AFC): ’Was this video manipulated?’ and two possible answers: Real
or Manipulated. The participant had to select one of them in order to continue
the experiment. Then, the screen displayed the question for the second – in this
case non-forced-multiple-choice (NFMC) – task: ”Which facial areas were most
important for your decision?” together with the following list of possible answers
(Eyes, Eyebrows, Contour, Cheeks, Nose, Mouth, None of Above). If the video
was reported as a face swap, an additional question about notable artifacts –
also in the form of a NFMC task – was presented (Blur, Overlapping Contours,
Unnatural Facial Expressions, Irregular Skin Color, Deformed Facial Features,
Beauty Filter Effect, None of the Above). This process was repeated until the
participant saw all 11 stimuli (in a random order with different order per participant). The average time for each participant to complete the experiment was of
15 minutes. We conducted both experiments using Amazon Mechanical Turk. A
total of 24 participants took part in E1 and 20 in E2. They were compensated
with 1 Euro and could only take part in one of the experiments.
Based on the experiments, we analyse our dataset with regard to the perceived realism and notable artifacts.
Perceived Realism. We first analyse the assessment accuracy of both experiments as shown in Fig. 3. We find that participants believed around 65% of the
high-quality face swaps and 50% of the low-quality face swaps to be real videos.
As a baseline, we include the accuracy for the corresponding real stimuli, which
was around 80% in both E1 and E2. Therefore, our high-quality face swaps were
overall very convincing, even though they still cannot reach the same level as
real videos. This is especially interesting as it indicates that our face swaps can
keep a high quality even for a rather long duration of 60 seconds. Even though
our low-quality face swaps are easier to distinguish from real videos, they are
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Fig. 3. Left: perceived realness for each condition. Participants perceived around 65%
of our high-quality face swaps and 50% of our low-quality face swaps as real. Right:
Reported importance of artifacts for each condition when labelling a video as a face
swap. Error bars represent the standard error of the mean (SEM).

still not fully unconvincing. Therefore, they can be valuable for experiments as
a stimuli variation with stronger artifacts or for comparative purposes.
Important Facial Areas and Notable Artifacts. Next to the perceived realism,
we also looked into which facial areas are most important for the decision of
participants. In Fig. 4 the left plot shows which facial areas were selected by
participants when deciding a stimuli was a real video, the right plot shows results
for stimuli reported to be face swaps. For both cases, the mouth, the nose and
the eye region are most important for the decision of participants. This is in line
with previous research that finds these are the most important areas for facial
recognition [21, 13]. Looking into the notable artifacts presented in Fig. 4 we
see that participants especially noticed unnatural expressions, inconsistent skin
color and a beauty filter effect. Additionally, stimuli in E2 were often reported
to contain overlapping contours.

Fig. 4. Reported importance of facial regions when labelling a video as real (left) or
as face swap (right). Error bars indicate the SEM.
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Conclusion

We presented PEFS: A novel dataset of high-resolution face swaps specifically
designed for perceptual research. In contrast to previous datasets, we include
manipulations of different quality levels, recording duration of up to 12 minutes,
anonymous actors, and a high variation of expressions. Our dataset offers a total
of 14 original recordings from three camera angles in a controlled environment
yielding a total of 630 videos. Finally, our dataset is evaluated and annotated
based on perceived realism and notable artifacts. In the future, we would like
to further expand the dataset. Possible extensions are the inclusion of outdoor
scenes in natural lighting conditions or sequences with more than one actor.
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12. Güera, D., Delp, E.J.: Deepfake video detection using recurrent neural networks.
In: 2018 15th IEEE International Conference on Advanced Video and Signal Based
Surveillance (AVSS). pp. 1–6. IEEE (2018)

8
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