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Abstract
This paper introduces a small (1,013 parameter) machine learning model for sign language detection in videos of
isolated American Sign Language (ASL) signs. Our model aims to alleviate the time-consuming nature of producing
sign clips for psycholinguistic study stimuli, sign dictionaries, and sign databases. Given a video where the signer
starts from a resting position, signs a sign, and returns to the resting position for an arbitrary number of repetitions,
the model detects frames in which signing occurs that can be used to segment video into clips of individual signs.
We train and evaluate our model on data with precise coding of signing onset and offset from ASL-LEX 2.0, so
that our model’s annotations are suitable for psycholinguistics research. The model works on both real signs and
pseudosigns, two types of stimuli needed for certain psycholinguistic studies. Our model’s small size compared
to the state-of-the-art (100K parameters or more) enables quick, bulk processing even on resource-constrained
hardware. It achieves this by computing Instantaneous Visual Change (IVC), a 1D measure of changes in brightness
in the input video, extracting features from the IVC-over-time signal with a convolution, and classifying the video
frames as signing or non-signing with three neural layers.

Keywords: sign language detection, sign language segmentation, machine learning, small models, convo-
lutional neural networks (CNN)

1. Introduction

Sign languages are natural languages used by
deaf and hard-of-hearing people that make use
of both manual and non-manual movements, in-
cluding posture and facial modulations (Sandler
and Lillo-Martin, 2006). Like spoken languages,
they have complex systems of phonology, gram-
mar, and lexicon, but their use of the visual modal-
ity gives rise to many unique linguistic features
that can prove challenging for machine processing
(Sandler and Lillo-Martin, 2006; Toshpulatov et al.,
2025). Development in sign language processing
has lagged significantly behind spoken language
processing, partly due to the complex nature of the
phonology of sign languages, the difficulty of work-
ing with videos as opposed to audio, and a lack of
high-quality, large-scale data sets. (Toshpulatov
et al., 2025; Neidle et al., 2012).

In the past decade, the application of neural net-
works in other fields and increased availability of
computing capacity have led to an explosion of neu-
ral network-based approaches to sign language
tasks (Toshpulatov et al., 2025), which are able to
handle the size and complexity of sign language
video data. Since neural networks tend to ben-
efit from larger parameter sizes, state-of-the-art
sign language models tend to feature upwards of
100K parameters or more (Moryossef et al., 2020;
Borg and Camilleri, 2019), which requires signifi-
cant computational power and runtime.

In this paper, we demonstrate that small neural

networks (around 1K parameters), can be used to
detect signing in a kind of signing video commonly
created for psycholinguistic studies and various
sign language resources, like dictionaries.

A small model could also be added into exist-
ing sign language annotation tools, such as ELAN
(Wittenburg et al., 2006), thus integrating easily into
existing workflows.

1.1. Sign Language Detection and
Segmentation

In an automatic sign language detection task, a
video frame is given, with or without surrounding
frames, to a model which labels it as signing or non-
signing. By classifying all the frames of a video,
these labels can be used to segment it into time
spans in which signing occurs.

Larger, state-of-the-art sign language models
perform well on complex, continuous signing
videos, where signers produce phrases or sen-
tences, often as they would in normal discourse
(Stassi et al., 2025; Borg and Camilleri, 2019;
Moryossef et al., 2020, 2023). In this paper, we
focus on detecting sign language in a simpler type
of video that is produced when creating psycholin-
guistics research stimuli (Emmorey et al., 2011; Gu
et al., 2022; Caselli et al., 2021), sign language dic-
tionaries, and sign databases (Sehyr et al., 2021).
That is, videos where a signer in front of a static
background begins in a resting position, signs a
sign, and moves back to the resting position, an
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arbitrary number of times. These videos are then
edited down into clips, each containing one sign,
for use in the final product or study.

Despite the simple nature of these videos, the
process of editing the video into individual sign
clips remains a major pain point. A psycholinguis-
tic study may make use of dozens or hundreds
of such clips, while a dictionary may need thou-
sands. Producing a whole set takes many hours of
work, and a means of clipping these videos quickly
and without needing an army of undergraduates to
do the grunt work would be ideal. The model we
demonstrate in this paper aims to fill this need.

Since such videos are simpler compared to con-
tinuous signing, certain factors that are common
in natural discourse but could confound a com-
puter model, such as phonological assimilation be-
tween signs and simultaneous morphology, are not
present to confuse the model. We show that a
small, simple model is sufficient to achieve good
performance on this simpler domain.

1.2. Definition of Signing Onset and
Offset

Since part of the goals of our model is to be useful
for creating stimuli for psycholinguistics, we need a
precise definition for the onset and offset of a sign.
Unlike spoken language, where the articulators are
hidden in the vocal tract and the onset of the audio
is the same as the onset of the word, motion begins
before the sign onset, since the arms and hands
must move into position before producing the sign
(Emmorey et al., 2022).

In this paper, we use the definitions from in ASL-
LEX 2.0 (Sehyr et al., 2021). For signs with body
contact and two-handed signs, the onset is the
first video frame where the fully-formed handshape
has contacted the body, and the offset is the last
frame where the hand has contacted the body. For
signs without contact, the onset is the first frame
where the fully-formed handshape has arrived at
the target location near the body or in neutral space,
and the offset is the last frame before the hand(s)
have begun to transition to a resting position (Sehyr
et al., 2021).

Using these definitions allows researchers to pre-
cisely control for the onset of a sign when measur-
ing brain activity while a subject comprehends sign
language stimuli. For example, Emmorey et al.
(2022) looks for specific Event Related Potentials
(ERPs), such as N400 priming effects, relative to
the sign onset. Studies involving reaction time,
such as Caselli et al. (2021) and Sehyr and Em-
morey (2022), also need control for the signing on-
set to get accurate and comparable data between
trials.

To serve these needs, we want as little error be-

tween our model’s predicted sign onsets and the
true sign onsets as possible. We therefore made
use of two video corpora, ASL-LEX 2.0 and the stim-
uli videos from Caselli et al. (2021) (described fur-
ther in Section 3.1), that have rigorously annotated
sign onsets and offsets based on the definitions
previously described.

1.3. Existing Models
Presently, the state-of-the-art in sign language de-
tection and segmentation achieves high accuracy
on the continuous, naturalistic videos. However,
they are also quite large, which costs a consider-
able amount of computational power to run. Fur-
thermore, the onsets and offsets in the training data
of these models are not defined as precisely as the
datasets we use here, and their suitability for the
preparation of stimuli for psycholinguistics is un-
known.

Borg and Camilleri (2019) created sign language
segmentation models that extract features from
raw video data, optical flow, motion history, and
frame difference using the pretrained VGG-16 Con-
volutional Neural Network (Simonyan and Zisser-
man, 2015), which then classifies frames as signing
and non-signing with a Recurrent Neural Network
(RNN). The smallest of these models uses 3.3 mil-
lion parameters, and classifies 20 frames of a 5 fps
video in upwards of 3 seconds on CPU.

Moryossef et al. (2020) uses an RNN to classify
frames using only the position of the joints of the
signer as input, which are extracted from the raw
video using the pose estimation model, OpenPose
(Cao et al., 2019). This allows the model to ignore
irrelevant motion in the video and focus on the major
articulators involved in signing. While much smaller
than Borg and Camilleri (2019), this model involves
another neural network as a preprocessing step
and still uses 102 thousand parameters.

Moryossef et al. (2023) proposes several models
using joint positions extracted from MediaPipe (Lu-
garesi et al., 2019) combined with other techniques
to improve segmentation performance. These in-
clude using optical flow features, 3D hand normal-
ization, and location of nonmanual keypoints. The
smallest of these models uses 454 thousand pa-
rameters.

He et al. (2025) uses two pretrained models that
extract hand mesh and skeleton pose features from
video, and trains two multi-layer perceptrons, a fea-
ture mixer, and a Transformer encoder within the
same model to classify video frames from those
features. The total parameter count cannot be in-
ferred from the paper as only the feature sizes but
not the layer sizes of the model are not reported,
nor is the model’s code published at the time of
writing. However, given its complexity, it is reason-
able to assume that the model is much larger than
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1,013 parameters.

1.4. Instantaneous Visual Change (IVC)
The model introduced in this paper is able to
achieve results with much smaller parameter sizes
by using a simple 1-dimensional signal extracted
from the input video called Instantaneous Visual
Change (IVC). IVC is the sum of squared differ-
ences in each pixel across sequential frames of
video:

IV C(t) =
∑
i

([ xi ( t )− xi ( t− 1 ) ] )
2

where x is the grayscale value of pixel i at time
t.

IVC was introduced in Brookshire et al. (2017),
which established a correlation between the
quasiperiodic nature of the IVC-over-time signal
in sign language videos with neural entrainment in
the visual cortex of native signers who view them.
The IVC signal is comparable to the spoken audio
signal, with the spectral power densities of both
being similar (Brookshire et al., 2017). The authors
hypothesize that babies can “tune in” to the pres-
ence of signing in visual stimuli during language
acquisition, because the quasiperiodicity is charac-
teristic of a linguistic signal.

Given this, it stands to reason that a machine
could also exploit this property of the IVC signal
to detect the presence of signing in a video. In
our model, we train a convolutional layer, which is
popular for shape and object detection in computer
vision, to learn shapes in the IVC signal that are
characteristic of signing. Then, it classifies frames
into signing or non-signing based on the presence
or absence of these shapes.

2. Model Architecture

2.1. Pre-processing
First, each video is downsampled to 29.93 frames
per second, the frame rate of the videos in ASL-LEX
2.0 and the Caselli et al. (2021) study.

Next, the IVC of the frames of the input video is
computed using a version of Brookshire (2017)’s
IVC module that we modified to work in Python 3.
This module converts the color space to grayscale
using OpenCV’s (Bradski, 2000) RGB ↔ GRAY
color conversion mode (OpenCV team, 2025).
Note that the first frame of the video has an IVC of
0; no video frame precedes it, so there is no visual
change.

Then, the framewise IVC is normalized by divid-
ing the IVC by the standard deviation of all the IVC
in the video. This reduces the effect of variations in

the physiology of the signer, distance from the cam-
era, and video resolution. No denoising or resizing
of the video frames themselves are performed.

A sliding window across all the frames of the
video is then computed, creating windows that are
16 frames long (about 0.54 seconds). For each
window, the model predicts the probability that the
middle frame (frame 8) contains signing. This gives
the model 7 frames of past IVC history, the IVC of
the frame being classified, and the IVC of the 8
frames that follow.

2.2. The Model

The model starts with a feature extractor: a single
1D convolutional layer of 4 kernels, with a width of
4 frames, and a stride of 1. This feature extractor
learns to detect shapes in the IVC signal that are
characteristic of signing.

The convolution produced by the 4 kernels are
then concatenated into a single feature vector. This
feature vector is fed into a neural network of 3
densely connected neural layers:

• Layer 1: 16 neurons with ReLU activation

• Layer 2: 8 neurons with ReLU activation

• Regression: 1 neuron with sigmoid activation

The regression layer outputs the middle frame’s
probability of signing. During inference, frames with
≥50% probability are considered signing frames.

In total, the model consists of 1,013 parameters.

2.3. Hyperparameter Selection

The hyperparameters of this model were chosen us-
ing the GridSearch method in KerasTuner (O’Malley
et al., 2019), over the settings below. All possible
configurations within the search space were tested
on a limited set of training data of 270 videos, and
the hyperparameters of the best performing model
were used to train a randomly initialized model on
the full training set. The search space is as follows:

• Number of convolutional kernels: 1, 2, 4, 8, 16

• Convolutional kernel size: 4, 8, 16

• Number of ReLU dense layers: 0, 1, 2

• Size of ReLU dense layers: 4, 8, 16, 32

The results of the hyperparameter search are
shown in Figure 1.
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Figure 1: Results of the hyperparameter grid search. A number of different small-model hyperparameter
configurations were tested on a limited set of training data (270 videos), before the best performing model
was retrained on the full set. The hyperparameters in the search varied by number of convolutional kernels,
kernel size, number of ReLU layers, and ReLU layer size. The best models use 2 ReLU layers of varying
size. The cluster on the bottom left are models with no ReLU layers, only convolutions and a logistic
regression.

3. Training

3.1. Training Data

The videos used to train the model were originally
created for ASL-LEX 2.0 (Sehyr et al., 2021), a
large-scale database of ASL signs that also con-
tains the signing onset and offset times for each
sign video. The ASL-LEX 2.0 set consists of 2,792
videos of unique single signs, featuring the same
deaf native signer (female, middle-aged, White,
born in the North-East USA, resides in California)
filmed from the front and from the waist up, against
a static blue background. The videos appear to
have been filmed in different batches; while many
videos have identical camera and lighting condi-
tions, this varies between different batches, and
the signer may have different outfits between them.
Onsets and offsets for each video were annotated
by two independent, trained coders, with 90.4%
agreement for onsets and 99% agreement for off-
sets. The minimum non-normalized IVC in this
dataset is 0, with a maximum of 4,246,152,807.
From this dataset, we set aside 20% of the videos
to use as a validation set.

For the test set, 569 stimulus videos that were
created for the Caselli et al. (2021) psycholin-
guistics study were used. This set contains 276

unique real ASL signs and 293 ASL-based pseu-
dosigns, which were created by changing one or
two phonological parameters (e.g. handshape, lo-
cation, movement) of a real sign so that it is not
a sign in ASL. The signer in these videos is a dif-
ferent deaf, native signer from the one in the ASL-
LEX 2.0 videos, and was filmed against a static
white background in slightly different lighting condi-
tions owing to the time of day. The minimum non-
normalized IVC in this dataset is 0, with a maximum
of 475,561,711.

In the videos of both datasets, the signer starts
from a neutral, sitting position before beginning
the sign. They produce the sign, then return to a
neutral position. Since the neutral position and the
transitions to and from signing do not carry lexical
meaning, frames containing these are considered
non-signing.

These two datasets were selected because they
were among the only easily-available corpora of
isolated sign videos with high-quality timing anno-
tations necessary for training and evaluation.

Both datasets undergo the pre-processing de-
scribed in Section 2.1, creating a large number
of frame windows to classify. Then, windows are
randomly dropped until there is an equal number
of signing and non-signing windows in the split.
Balancing the signing and non-signing examples
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improves its ability to classify both classes, rather
than considering one class the “default,” with worse
performance. This resulted in 111,968 frame win-
dows to train on.

3.2. Hardware, Framework, and Schedule

We trained the model on a batch size of 32, using
the Adam optimizer for 100 epochs, by which time
the validation accuracy has stopped showing sig-
nificant improvement. Each epoch took about 30
seconds each, for a total of 50 minutes.

The model was trained on an NVIDIA GeForce
3070Ti Laptop GPU. The Keras neural network
library was used with the PyTorch backend.

4. Evaluation

The evaluation metrics in this section can also be
seen in Table 1. As a performance baseline we
could directly compare to, we also trained and eval-
uated a logistic regression with no convolution cre-
ated with scikit-learn (Pedregosa et al., 2011), using
the same training and test data preprocessed with
the procedure in Section 2.1.

4.1. Frame-wise Performance

The frame-wise performance metrics were com-
puted after balancing the number of signing and
non-signing windows, as described in Section 3.1.
This results in 28,494 windows to classify in the vali-
dation set and 11,480 windows in the test set, each
with an equal number of signing and non-signing
examples.

On the validation set, the model achieved an
Accuracy/Precision/Recall/F1 of 87/84/91/88%. On
the test set, it achieved 87/85/88/87%.

Among pseudosigns in the test set, it achieved
85/85/86/86%, compared with real signs where it
achieved 88/85/92/88%.

Our model achieves better performance than the
logistic regression on both the test (F1 of 88% >
71%, 17 percentage points better) and validation
sets (F1 of 86% > 70%, 16 percentage points bet-
ter).

4.2. Video-wise Performance

To ascertain how well the model at segmenting
videos, instead of just classifying frames, we eval-
uated the model on whole videos using Intersec-
tion over Union and Segment Ratio. Unlike in the
frame-wise performance section, no windows were
dropped. Thus, the model classifies all the frames
of each video.

4.2.1. Intersection Over Union (IOU)

Intersection Over Union (IOU) is a measure of the
similarity between two sets A and B, using the
formula:

IOU(A,B) =
|A ∩B|
|A ∪B|

Here, we are comparing the the ground truth set
of signing frames in a video against the model’s pre-
dicted set. IOU is always in the interval [0, 1], and
higher scores are better, indicating higher similarity.

In this paper, we compute the IOU between the
prediction and the ground truth for each video in
the test set, then take the mean IOU over all the
videos.

On the test set, the mean IOU was 0.78 (σ=0.13).
Among real sign videos in the test set, the mean
IOU was 0.79 (σ=0.14), compared with pseudosign
videos with a mean IOU of 0.77 (σ=0.13). Figure
2 shows the segmentation output for three sign
videos in the test set at the best, median, and worst
case IOU.

On the validation set, the mean IOU was 0.80
(σ=0.17).

4.2.2. Segment Ratio

Segment Ratio (Seg) is a measure of how well the
number of segments Spred predicted by a model
matches the actual number of segments Strue in
the video. It is computed using the formula:

Seg(Spred, Strue) =
Spred

Strue

Ideally, Seg is 1, with a higher number indicating
over-segmentation, and a lower number indicating
under-segmentation.

In this paper, we compute the Seg between the
prediction and the ground truth for each video in
the test set, then take the mean Seg over all the
videos.

On the test set, the mean Seg was 1.43 (σ=0.76).
Among real sign videos in the test set, the mean
Seg was 1.45 (σ=0.78), compared with pseudosign
videos with a mean Sig of 1.41 (σ=0.74).

On the validation set, the mean Seg was 1.52
(σ=0.89).

4.3. Onset Error
To see how well the model aligns the onset of the
predicted segments with the actual onsets of the
sign, we computed Onset Error (OE) on videos in
the test and validation set with the formula:

OE(Opred, Otrue) = abs(Opred −Otrue)

Where Otrue is the frame number of the true
onset of the sign in the video, and Opred is the
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Frame-level Video-level
Accuracy Precision Recall F1 IOU Seg

Our model
Validation set 87% 84% 91% 88% .80 1.52
Test set 87% 85% 88% 86% .78 1.43

Real signs 88% 85% 92% 88% .79 1.45
Pseudosigns 85% 85% 86% 86% .77 1.41
Concatenated 86% 80% 88% 84% .72 2.09

IVC + Logistic Regression
Validation set 70% 70% 72% 71% .65 1.38
Test set 70% 69% 70% 70% .64 1.49

Concatenated 71% 64% 70% 67% .50 2.05
State-of-the-art (Continuous signing, not a direct comparison)
Bull et al. (2020) (“body" model) .69 2.96
Moryossef et al. (2023) (E0 model) .77 1.37
He et al. (2025) 86% .76 0.98

Table 1: Performance metrics for our small model, compared with a simple logistic regression. State-of-
the-art models are also shown for indirect comparison (see Section 5 for caveats). Metrics for Bull et al.
(2020) and Moryossef et al. (2023) are from Stassi et al. (2025), which evaluated both models using a
common dataset and methodology. Metrics for the model in He et al. (2025) are from its own paper. Note
that He et al. (2025) is a BIO tagger that classifies three labels, unlike our binary classifier, and that this
may affect the F1 score comparison.

Figure 2: Predicted versus ground truth segments in three videos in the test set. Top: best case IOU (1.00)
for a video containing the ASL sign LEMON, where the model predicts the segment perfectly. Middle:
median case IOU (0.80) for BAR, with 4 frames of difference. Bottom: worst case IOU (0.06) for BELT,
with little overlap.
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frame number of the onset of the first predicted
segment in the video.

On the test set, the mean OE was 2.82 frames
(σ=2.97), or about 0.09s (σ=0.1s). The mean OE
real signs in the test set, 2.86 frames (σ=3.34), and
2.77 frames (σ=2.58) for pseudosigns.

On the validation set, the mean OE was 2.34
frames (σ=3.76), or about 0.08s (σ=0.12s).

If we compute OE without the absolute value, we
can see if the model tends to predict the onset too
early or too late. On average, the model predicts
onset 2.5 frames earlier than the ground truth in the
test set, and 1.05 frames earlier in the validation
set.

4.3.1. Concatenated Long Videos

Although neither the training nor the test data in-
clude long-form videos for segmentation, we can
simulate these videos by concatenating the IVC of
randomly selected clips from the test set, normal-
izing the concatenated IVC as if it were one video,
and running the model. 500 concatenated videos
were tested this way, each consisting of a random
number of clips, ranging from 10 to 100 videos.

We chose to concatenate the IVC instead of edit-
ing the video clips together and calculating the IVC
afterwards, as the latter would create artifacts be-
tween clips that would not appear in a long video
recorded in a single take. Namely, the transition
between clips filmed in different conditions would
create a frame with an unusually high IVC, since
most of the pixels in the scene would be different.
Similarly, we dropped the first frame of each video,
starting from the second video in each concatena-
tion, to remove 0-IVC frames that appear simply
because it is the first frame.

On the set of 500 concatenated videos, the mean
IOU was 0.72 (σ=0.02), and the mean Seg was 2.09
(σ=0.19).

4.4. Runtime
When running inference on the same hardware as
training, pre-processing of the entire test set takes
about 3 minutes and 40 seconds, and the model
predicts the labels in about 6.6 seconds, for a total
of 3 minutes and 46.6 seconds.

5. Conclusion

In this paper we demonstrate that, when the prob-
lem domain is limited to detecting signing in a
stream of single signs, a tiny model of only 1,013
parameters is able to achieve an F1 score of 88%
and a mean IOU of 0.78 on videos of single signs.
On simulated videos of multiple isolated signs and
an F1 score of 84% and a mean IOU of 0.72. Using
logistic regression as a base of comparison, our

model has significantly better F1 and IOU, show-
ing that the model architecture yields meaningful
improvements over a simple baseline.

We can compare our metrics to state-of-the-art
sign language segmentation models. According to
a paper that evaluated both models on the same
task, Stassi et al. (2025) finds that the IOU of
the best performing model from Bull et al. (2020)
achieves an IOU of .69, and Moryossef et al. (2023)
achieves an IOU of .77. Note that this is not a di-
rect comparison; the state-of-the-art models were
evaluated on continuous signing videos, which are
more complex. The purpose of the comparison is
to see whether our small model works as well on
the simpler task as a complex model works on a
complex task. Since our score appears within this
range, it seems that our small model is able to do
this successfully.

6. Limitations

While the datasets used for training and evaluating
this model present good coverage for signs with
different lexical and phonological properties (e.g.
parts of speech, movement types, sign location)
the fact that there are so few people represented in
the data means that we do not know how well the
model generalizes to signers of different ethnicity,
ages, body shapes, etc,. The fact that the model
achieves similarly high accuracy and F1 scores for
the validation set as the test set, which do not have
any signer overlap, is a good sign, but it is still far
from rigorous.

If precise signing onset and offset annotations
were available for a dataset like ASL Citizen (Desai
et al., 2023), which features isolated sign videos
crowdsourced from many Deaf and Hard of Hearing
signers, such a dataset would be ideal for training
and evaluating the model. Unfortunately, we have
so far been unable to source such a similar dataset
of good quality.

Since the sign language segmentation task can
apply to other sign languages also, sign corpora
from languages other than ASL should be consid-
ered for the future.

7. Future Work

The IVC signal alone is insufficient to capture the
full complexity of the movements of sign language.
Fundamentally, it is a measure of the amount of
change in the visual field, analogous to volume in a
spoken language’s audio signal, so there is a limit
to the amount of information that can be recovered
from the original signing.

Although pose estimation introduces a lot of com-
plexity and runtime to the process, making direct
use of the position and motion of the articulators
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involved in sign language (e.g. arms, hands, face,
torso) could allow a model to pick up on more nu-
anced information. With MediaPipe (Lugaresi et al.,
2019) now available even in a web browser, a small
classifier that uses pose estimation features may
be practical on midrange consumer hardware.
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