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Introduction 

In recent years, virtual reality has become an increasingly 
important topic not only in video games, but also in research. 
The high degree of flexibility and simultaneous control is 
particularly advantageous in the field of experimental re-
search. Animations play an important role in creating an in-
teractive scene that is as realistic as possible. In the field of 
speech intelligibility, it is well known that visual cues are 
helpful for the listener [1]. In this context, lip movements are 
of particular interest. This study compares two algorithms 
for animating lip movements. The audiovisual Oldenburger 
Satztest (avOLSA) [2] is used as the basis for the animation 
to assess and compare speech intelligibility. The resulting 
videos are presented to the participants in a virtual environ-
ment with background noise and their understanding is as-
sessed. The original recordings will be presented as a refer-
ence, in one condition with image and in the other with 
sound only. It is expected that speech intelligibility will be 
higher when the animated videos are used than when only 
sound is used, and ideally should match the original audio-
visual condition. 

Methods  
Participants 

In this study, 10 participants with self-reported normal 
hearing and normal or corrected-to-normal vision were 
recruited. All participants were native speakers of German. 

Setup 

Participants are seated one metre in front of a monitor and a 
loudspeaker (see Figure 1). They are then presented with a 
training session consisting of the following conditions: 
 

• 20 sentences original video (real speaker) 
• 20 sentences original video (real speaker) 

• 10 sentences vocal tract algorithm 

• 10 sentences Visual Machine Learning algorithm 

 

Figure 1: Illustration of the test setup. The loudspeaker is 
centrally aligned and directly behind the monitor with an 
elevation such that the monitor does not block the direct path 
to the test participant 
 

Each sentence is presented at a sound pressure level (SPL) of 
65dB with background noise. The speech reception threshold 
(SRT) is set at 80%, which means that over the course of a 
condition the background noise is adjusted to a level at which 
the participants get 80% of the words correct. 
This training session is followed by a test session with a 
randomised order of the following conditions 

• 20 sentences original video (real speaker) 
• 20 sentences vocal tract algorithm 

• 20 sentences Visual Machine Learning algorithm 

• 20 sentences audio only 

The settings are again an SPL of 65dB and an SRT of 80%. 
Figure 2 shows the original avOLSA speaker and the virtual 
character used in this experiment. 
 

 
Figure 2: Illustration of the visuals during the sentence. The 
left image is shown when the original video is played. The 
right image is the virtual avatar that is displayed when one of 
the lip synchronization algorithms is played 
 

Each sentence consists of five words (name, verb, number, 
adjective, noun). After each sentence the participants are 
asked to choose the five words they understood from a list. 
The corresponding display is shown in Figure 3. 

DAS|DAGA 2025 Copenhagen

144



 

Figure 3: Matrix displayed after each sentence. Chosen 
words are highlighted in green 

Algorithms for lip animation 

Vocal tract algorithm 

The vocal tract algorithm [3, 9] uses a rule-based approach to 
calculate three different blend shapes. Blendshapes are 
predefined mesh deformations used to modify the surface of 
a 3D model. The Vocal Tract algorithm uses the speech signal 
power in four frequency bands from the smoothed short-term 
power spectrum density. The weights of the blendshapes are 
mapped linearly from the signal power in the bands. It is real-
time capable and adjustable, so it can be adapted to different 
speakers.The used avatar is created using the open source 
software MakeHuman [8], which comes with predefined 
blendshapes. The blendshapes that are driven by the algorithm 
are chosen to be "mouth_open", “mouth_narrow” and 
“mouth_wide”. The three customizable parameters are set to: 

• Sensitivity: 0.5 

• Smoothness: 0.02 

• Vocal tract length: 1.0 

Image based MachineLearning algorithm 

Architecture and hyperparameters 

The image-based machine learning algorithm (hereafter 
referred to as image-based ML) takes images of a person's lip 
area as input and outputs 6 different blend shapes. It is based 
on an artificial neural network, more specifically a ResNet152 
architecture [4]. The last layer of the network is reduced from 
1000 categories to 6 and the activation function is set to 
sigmoid to fit the blendshape range [0.0, 1.0], as this is now a 
regression task instead of a classification task. During 
training, the MSE serves as the loss function, using the Adam 
optimiser with a learning rate of 10-5 and a batch size of 64. 

Generation and specification of training data 

To obtain the input data for training, video recordings of 
speaking individuals are first split into individual frames, 
which are then analysed using OpenFace [5-7]. The face land-
marks provided by OpenFace are then used to crop each frame 
to the lip area of the person shown, as shown in Figure 4. 

 

Figure 4: Script based cropping schematic for data preparation 

Using a virtual character in a virtual environment, the lip 
deformation visible in each frame of the video is mimicked by 
manually adjusting 6 different blendshapes so that the lips of 
the virtual character are as similar as possible to those visible 
in the frame. Noting the corresponding values provides the 
target data needed for training. The dataset consists of 1924 
frames in total. 

Training and validation 

Prior to training, the data set is split in the ratio 70-15-15, 
giving a training set, a validation set and a test set. Training is 
stopped when either the training loss does not decrease for 
more than 5 epochs or the validation loss increases for more 
than 5 epochs in a row.

 

Figure 5: Train and validation loss of image based ML model vs. 

number of epochs during training 

During training, all weights except those in the last epoch are 
fixed for the first ten epochs, after which all weights are set to 
trainable. This is indicated in Figure 5 by the dashed vertical 
red line, which marks the last epoch with fixed weights. 

The blendshapes used are "mouth_open", "lips_part", 
"lips_middle_upper_up", "lips_middle_lower_down", 
"lips_middle_lower_up" and "lips_horizontal". The lips_hor-
izontal blend shape is a combination of the “mouth_narrow” 
and “mouth_wide” blendshapes. Since these parameters de-
scribe opposing deformations, they can be merged and re-
mapped into one blendshape. 

Results 

A comparison of all 4 conditions using ANOVA shows no 
significant difference between the use of audio only and either 
of the two algorithms, see table 1. The only significant 
difference can be seen between audio only and the 
audiovisual/original condition. 
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Table 1: Comparison of all 4 conditions in the SRT 
experiment using ANOVA 

Condition 1  Condition 2  p 

Audio only  Visual ML  1 

Audio only  Vocal Tract   0.68201 

Audio only  Audiovisual  0.020086 

Visual ML  Vocal Tract  1 

Visual ML  Audiovisual  0.0042519 

Vocal Tract  Audiovisual  0.11305 
 

Figure 6 shows the signal to noise ratio (SNR) obtained with 
the SRT80 in each condition. Lower values indicate better 
speech intelligibility. The best results are found in the 
condition with the original audiovisual recording. There is 
also a noticeable difference between the audiovisual 
recording and all other conditions.

 
 

Figure 6: Signal to noise ratio reached using SRT80 for all 
conditions. From left to right: Audio only, image-based ML, 
Audiovisual, Vocal Tract 
 

Conclusion 

The results in the “audiovisual” condition (the original record-
ing) show that there is a benefit in having visual cues for 
speech comprehension. This effect could not be reproduced 
with animated virtual characters.  

This may be due to the lack of a high-fidelity avatar, which 
may not have been realistic enough. Alternatively, the realism 
of the avatar may have been in the uncanny valley [10]. The 
uncanny valley effect describes a certain discomfort people 
feel when confronted with human-like creatures that are not 
quite realistic enough to be recognized as real humans. If this 
is the case here, the animations may not have been helpful but 
rather a hindrance to speech understanding. 

Another cause could be the algorithms, as the rendered blend-
shapes may not have conveyed the information that partici-
pants are used to in a normal conversation and therefore may 
not have been useful or, as above, may have been distracting. 

In order to test whether one or both of these reasons apply, 
different avatars and/or different algorithms or blendshapes 
would have to be used.  

Nevertheless, given the positive effect of visual cues as seen 
in the original audiovisual recording, it is fair to say that fur-
ther research in this area is worthwhile. 
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