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Abstract

We introduce a method for transferring the
signer’s appearance in sign language skeletal
poses while preserving the sign content. Using
estimated poses, we transfer the appearance
of one signer to another, maintaining natural
movements and transitions. This approach
improves pose-based rendering and sign
stitching while obfuscating identity. Our
experiments show that while the method
reduces signer identification accuracy, it
slightly harms sign recognition performance,
highlighting a tradeoff between privacy and
utility. Our code is available at https://
github.com/sign-language-processing/
pose-anonymization.

1 Introduction

Personal data, particularly person-identifying infor-
mation, is central to data protection laws in many
countries, including the EU General Data Protec-
tion Regulation (GDPR; European Parliament and
Council of the European Union (2016)). In signed
languages, identifying information is embedded
in every utterance through appearance, prosody,
movement patterns, and sign choices (Bragg et al.,
2020; Battisti et al., 2024). Therefore, from an
information-theoretic perspective, removing all
identifying information necessitates removing all
information. However, a tradeoff between privacy
and utility can be achieved by selectively removing
some information.

We propose a straightforward yet effective
method for altering the appearance of a signer in a
sign language pose (Figure 1) while preserving the
underlying sign content (§3). Specifically, given a
sign language video by signer α and an image of
person β, our method generates the appearance of
person β performing the same signs as signer α.
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Qualitatively, this method effectively smooths
skeletal pose stitching (Moryossef et al., 2023b),
and improves pose-based video rendering (Saun-
ders et al., 2021). However, quantitative evaluation
of our method as data augmentation reveals that
while it can help confuse signer identification mod-
els, it hurts sign language recognition (§5).

2 Related Work

Research on sign language poses appearance varies
in purpose. As Isard (2020) highlights, video
anonymization falls into two main categories: con-
cealing parts of the video (Hanke et al., 2020; Rust
et al., 2024) or reproducing the video without cer-
tain information. This work focuses on the latter.

For instance, Saunders et al. (2021) replace the
signer’s visual appearance, targeting human con-
sumption. They estimate poses from the original

Figure 1: The average MediaPipe Holistic frame (land-
marks reduced for visual clarity) extracted from a large
sign language dataset (≈ 50 million frames).
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video and use a Generative Adversarial Network
(GAN; Goodfellow et al. (2014)) to generate a
different-looking human. This process, working
correctly, anonymizes the signing video as effec-
tively as pose estimation alone, since all of the in-
formation from the original pose is captured and re-
produced. Similarly, cartoon-based anonymization
methods replicate signing with animated avatars
but often miss key details like facial expressions
and hand configurations (Tze et al., 2022).

Battisti et al. (2024) found that pose estimation
alone does not conceal signer identity. They noted
signers could still be recognized from pose data,
highlighting the need for advanced anonymization
techniques to better protect privacy. Our work ad-
dresses this gap by proposing an appearance trans-
fer to help obfuscate sign language poses.

3 Method

Our appearance transfer approach focuses on alter-
ing the appearance of the signer in a pose sequence
while preserving the underlying sign information.
The method assumes that the video starts from a
relaxed posture, not mid-signing.

Given a pose sequence by signer α (Pα), and a
single pose frame by signer β (Pβ), both poses are
normalized to a common scale based on shoulder
width, using the pose-format (Moryossef et al.,
2021a) library. The appearance of both signers is
assumed to exist in the first frame of each pose.

Ignoring the hands, to transfer the appearance of
signer β to the video by signer α, we modify the
pose sequence by removing the appearance of α
and adding the appearance of β (Equation 1).

P̂α = Pα − P 0
α + P 0

β (1)

To perform a standardized anonymization, we
choose person β as the mean frame in a large sign
language dataset (Figure 1). This results in an av-
erage proportioned human, which does not specif-
ically look similar to any individual person. We
note that from an information-theoretic perspective,
this approach does not guarantee anonymity. Usage
is depicted in Algorithm 1.

4 Qualitative Evaluation

This simple approach yields outstanding results. To
start, we show a few pose frames from different
poses, when transferred to the mean appearance
(anonymized) and when transferred to the appear-
ance of a different person (Table 1).

Algorithm 1 ‘Anonymizing’ a pose sequence

1 from pose_format import Pose
2 from pose_anonymization.appearance \
3 import remove_appearance
4

5 with open("example.pose", "rb") as f:
6 pose = Pose.read(f.read())
7

8 pose = remove_appearance(pose)

We consider a recent paper on sign language
stitching and rendering (Moryossef et al., 2023b).
This paper translates spoken language text to sign
language videos by identifying relevant signs from
a lexicon, stitching them together in a smart way
(cropping neutral positions and smoothing the tran-
sition), and then rendering a video using a render-
ing model, trained on a single interpreter. We intro-
duce a single intervention—after finding relevant
lexicon items, we transfer the appearance of the
pose to be the pose of the interpreter the renderer
was trained on.

Rendering The rendering model is a Stable Dif-
fusion model (Rombach et al., 2021) fine-tuned
using ControlNet (Zhang and Agrawala, 2023) for
controllability from poses. Since the model was
trained on the appearance of a single person, it
is not robust to various appearances as an input.
Generally, it is not a great model, and we would
like to maximize the results we get from it. Fig-
ure 2 demonstrates the rendering of the face of the
original vs. the new pose. We can see that when
transferring to the appearance of the interpreter the
model was trained on, the results are more ‘human’.

(a) Without transfer (b) With transfer

Figure 2: Faces from ControlNet Rendering

Sign Stitching Given a uniform appearance, the
stitched pose sequence is now more coherent and
less jumpy. The size of different body parts does
not change during the sentence, and the stitching
points look smoother. When tracking optical flow
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Sign Original Anonymized Transferred

Kleine
(‘small’)

Kinder
(‘children’)

essen
(‘eat’)

Pizza
(‘pizza’)

Table 1: Example of four signs. On the left, we show the middle frame from the original sign. In the mid-
dle, an anonymized version using an average pose from a large sign language dataset. On the right, appear-
ance is transferred to be of a specific interpreter. For a video comparison, check out https://github.com/
sign-language-processing/pose-anonymization.
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Figure 3: Optical flow (the magnitude of change between two frames) for a stitched video from four original videos
and anonymized videos. Higher values represent a larger local change, and a higher area under the curve represents
a larger change overall. The flow is exactly the same for all frames except for the stitching zones.

across the pose sequence (Figure 3), sign transi-
tions are smoother and less noticeable, when com-
paring the use of anonymized and original poses.

5 Experiments and Results

To quantify the effect of our appearance transfer
method on sign language recognition, we used the
code provided by Moryossef et al. (2021b) for both
sign and signer recognition tasks. We hypothesized
that transferred poses could serve as an effective
data augmentation technique, allowing us to train
models to a similar quality while obfuscating signer
identities during both training and testing phases.

For our experiments, we used the AUTSL dataset
(Sincan and Keles, 2020), which includes 226 dis-
tinct lexical sign classes. Importantly, the appear-
ance transfer process did not modify hand pose
features, focusing instead on the body and face.

We trained the model under four conditions: (1)
using the original pose sequences; (2) applying
a single appearance transfer to the average pose
shown in Figure 1; (3) transferring multiple ap-
pearances for each sample; and (4) combining all
these data sources, with 10% original poses, 10%
average poses, and 80% transferred appearances.
During testing, each model was evaluated on the
original pose sequences, transferred to the average
pose, and transferred to 10 distinct appearances,
with the latter utilizing majority voting, referred to
as the Transferred method.

As shown in Table 2, no configuration outper-
formed the model trained and tested with the orig-
inal pose sequences (top-left). However, train-
ing on a combination of original and transferred
poses made the model more robust in inference on
appearance-augmented data (bottom-right).

To evaluate the extent to which our appearance
transfer method obfuscates signer identity, we re-
trained the model using the original pose sequences
but replaced the final sign classification layer with

Train
Test

Original Anonymized Transferred

(1) Original Poses 80.97% 65.82% 71.46%

(2) Anonymized Poses 63.26% 64.48% 51.50%

(3) Transferred Poses 67.08% 66.54% 57.32%

(4) Combined 79.96% 60.88% 76.78%

Table 2: Sign recognition accuracy on the AUTSL test
set. ‘Transferred’ is an ensemble of predictions from
the same 10 different appearances selected randomly.

a signer classification layer, freezing the rest of the
network as per Sant and Escolano (2023).

When trained and tested on the original poses,
the model achieved 80.18% accuracy in identifying
the signer, demonstrating the existence of identifi-
able traits. When trained and tested on anonymized
poses, accuracy dropped to 65.34%, and with trans-
ferred poses, it fell further to 52.20%. These results
indicate that while our method significantly reduces
identifiable information, it does not eliminate it, as
random chance would yield only 3.23% accuracy.

6 Conclusions

We presented a method for appearance transfer
in sign language poses, allowing the alteration
of a signer’s appearance within a pose sequence
while preserving essential signing information.
By normalizing poses and selectively transferring
appearance from another individual—excluding
hand geometry to maintain natural movement—we
achieved smooth and coherent results in sign ren-
dering and stitching tasks.

Our qualitative evaluation shows that the appear-
ance transfer effectively smooths pose transitions
and enhances the visual coherence of stitched sign
sequences. However, the quantitative results indi-
cate that while the method helps anonymize signer
identity, it can negatively impact sign language
recognition performance.
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Limitations

We believe that the balance between privacy and
utility is to remove all information except for the
choice of signs. This is similar to how spoken
language text makes speech anonymous to the de-
gree of word choice. Practically, for anonymizing
sign language videos, we propose the combination
of sign language segmentation (Moryossef et al.,
2023a) with phonological sign language transcrip-
tion. The bottleneck that transcribed sign segments
introduce guarantees the removal of identifying in-
formation such as appearance, prosodic cues, and
movement patterns. Then, a sign language synthe-
sis component should synthesize the transcribed
signing sequence back into video.

One major limitation of our study is the lack
of human evaluation. While the method aims to
preserve essential signing information, it’s crucial
to assess whether altering the signer’s appearance
affects the naturalness and comprehensibility of the
signs for human viewers, especially in real-world
contexts. Evaluating whether the anonymized or
transferred appearances still allow viewers to rec-
ognize or identify individual signers is key to en-
suring the method’s success in obfuscating identity.
This evaluation will provide insight into how well
the technique balances privacy with the utility and
intelligibility of the sign content.
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