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Abstract

Continuous Chinese sign language recognition (CCSLR) methods have shown their strong ability to learn excellent
model architectures from datasets. However, due to data insufficiency, it is difficult to complete the CCSLR task. In
this work, we focus on a simple but important solution to alleviate data insufficiency: how to refine the model
architecture of a CCSLR network to improve the robustness of feature processing by using some better-quality

non-Chinese sign language datasets. To this end, a simple empirical study was first conducted to verify the feasibility
of knowledge transfer in the CCSLR task. Surprisingly, just by pre-training of our recognition model on a foreign sign
language dataset, we can refine the model architecture and improve its robustness significantly. To make it more
practical, the key issue of how to fine-tune the existing feature processing models for effective guidance should be
carefully investigated. Then, we propose a novel scheme for fine-tuning of pre-trained models named FTP, which
updates the spatial feature extractor initialized by a pre-trained backbone and freezes the temporal feature extractor
implemented by a better shareable transformer encoder. Compared with the baseline method, our FTP method can

achieve significant performance improvement on the public dataset USTC-CCSL.
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1 Introduction
Different from hearing people, hearing-impaired people
rely primarily on sign language for communication, which
is a gesture system with linguistic properties gradually in-
fluenced by spoken language and words [1]. Like natu-
ral language, different countries have their sign languages,
and similarities exist between them [2]. Therefore, re-
search on Chinese sign language recognition is gradually
receiving attention. Computer vision and natural language
processing researchers process and analyze the gestures
shown by different signers in sign language videos and
translate a series of signs to the corresponding sign gloss
sentences to facilitate the daily communication between
the hearing-impaired people and the hearing people [3].
Many recent studies related to continuous Chinese sign
language recognition (CCSLR) focused on model training
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from scratch on a small-scale dataset [4—7]. However, it is a
well-known fact that almost all deep neural network mod-
els [8] that are trained from scratch are prone to overfitting
due to the small-scale of the dataset that has been used [9].
Moreover, the widely used sign language dataset, USTC-
CCSL, is insufficient for the CCSLR task [4]. Therefore, it
is crucial to investigate how to alleviate data insufficiency
for Chinese sign language recognition.

There are many ways to alleviate data insufficiency, such
as data augmentation [10, 11] and pre-training [12], and
an intuitive solution to the problem of lacking Chinese
sign language datasets is to learn from other countries’
sign language datasets. Research has found that CCSLR
model performance can be promoted by pre-training on
other cross-lingual datasets [13—15]. Benefiting from the
conclusions in the study of sign language linguistics, it has
been proven that similarities exist between sign languages
in different countries, such as the same gestures and simi-
lar facial expression changes [2]. Hence, we propose using
transfer learning methods to complete the tasks of shar-

© The Author(s) 2023. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit
to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The

images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise
in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.


https://doi.org/10.1007/s44267-023-00028-5
https://crossmark.crossref.org/dialog/?doi=10.1007/s44267-023-00028-5&domain=pdf
https://orcid.org/0000-0002-2532-3514
mailto:yuantt@tjut.edu.cn
http://creativecommons.org/licenses/by/4.0/

Xue et al. Visual Intelligence (2023) 1:26

ing knowledge between different countries’ sign languages.
By using some non-Chinese sign language datasets with
larger scale and better recognition performance, we pro-
pose a novel scheme for fine-tuning of pre-trained mod-
els termed FTP for CCSLR. As illustrated in Fig. 1, this
method focuses on feature processing in the CCSLR task.
It consists of two parts: the spatial feature module for ini-
tialization and fine-tuning to extract the frames’ spatial
features and the temporal feature module for transferring
learning to extract the frames’ temporal features. To bet-
ter extract the feature expression of each frame, we use
ResNet18 [16] as the backbone. At the same time, consid-
ering the differences in the shooting background and ap-
pearance of sign language performers in different videos,
we adopt the pre-trained ResNetl18 model as the initial
value of the FTP backbone and then fine-tune it.

To extract the temporal features of frame sequence, we
not only notice single-frame information but also focus on
contextual information. This is essential for the CCSLR
task [17]. The current better transformer encoder [18, 19]
is used as the temporal feature module. It has been proven
that knowledge of transformer encoder representation is
easier to share with other models [20], which is very con-
ducive to transferring knowledge between sign language
recognition tasks. Considering the similarities between
sign languages in different countries and the size limita-
tion of USTC-CCSL, we choose to freeze the transformer
encoder from a better non-Chinese dataset pre-trained in
the FTP scheme. In this way, the model can avoid overfit-
ting on the USTC-CCSL dataset. The main contributions
of this paper are listed as follows:

1) A novel CCSLR method is proposed, which avoids
overfitting when training on a smaller dataset. The
ablation study shows that the proposed FTP scheme
adopted on the foreign sign language datasets brings
a significant improvement in recognition
performance compared to training using a single
USTC-CCSL.

2) For feature processing, our proposed fine-tuning
scheme is designed to initialize the parameters of the
backbone from the pre-trained model and update the
parameters to obtain a more robust spatial feature
module. For the temporal feature module, a frozen
pre-trained transformer encoder is used to share
more reliable contextual information.

2 Related work

Considering that the focus of this paper is feature pro-
cessing in CCSLR, we primarily introduce the research
progress of CCSLR from two aspects of spatial feature pro-
cessing and temporal feature processing in recent years.
Another essential part of CCSLR, the alignment model, is
also introduced in Sect. 2.3.
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Figure 1 The pipeline of the proposed scheme for fine-tuning of
pre-trained models termed FTP to enhance the spatial feature module
and temporal feature module for addressing data insufficiency for
CCSLR. Our main idea is to share useful information from other
non-Chinese sign language datasets through transfer learning

2.1 Spatial feature processing in CCSLR
Feature extraction can be divided into single-cue process-
ing and multi-cue fusion. The former focuses on a single
visual factor, such as hands and body. The latter chooses a
combination of multiple visual factors.

Some researchers [21, 22] utilized hand-crafted features
for single thread feature extraction. For example, Zheng
and Liang [23] extended the histogram of oriented gradi-
ent (HOG) descriptor to the 3D motion map based pyra-
mid histogram of oriented gradient (M-PHOG) by adding
a pyramid representation for CCSLR. Pu et al. [24] devel-
oped a curve feature descriptor depending on the shape
of the trajectory based on the movement of the hands.
At present, convolutional neural networks (CNNs) are ap-
plied to such image recognition tasks as CCSLR [25]. Li et
al. [26] employed a ResNet-152 network that removes the
final fully connected layer to extract the features of each
frame.

Considering the coordination of visual factors in sign
language, the idea of implicit cooperation of multiple cues
has been gradually adopted [3]. Wang et al. [27] proposed
a representation model based on the covariance matrix
to fuse information from multimodal sources. Benefiting
from the conclusions in the study of sign language linguis-
tics, it has been proven that similarities exist between sign
languages in different countries, such as the same gestures
and similar facial expression changes [28]. At the same
time, considering the differences in the shooting back-
ground and appearance of sign language performers in
different videos, we developed the pre-trained ResNet18
model as the initial value of the FTP backbone and then
fine-tuned it.

Guo et al. [29] proposed a new hierarchical deep recur-
sive fusion (HRF) model for automatic identification of
the red-green-blue (RGB) images and skeleton symbols.
Zhang et al. [30] introduced a method of fusing trajectory
probability and hand shape probability, specifically using
a new feature of enhanced shape context (eSC) to repre-
sent the spatial and temporal information of the trajectory.
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Zhou et al. [3] interpreted multi-semantics as parts of the
body that extract and merge different meanings in their
work. Their work adopted the VGG-11 model as the back-
bone network to generate multi-cue features of full frames,
hands, faces, and poses.

Hu et al. [12] investigated cross-language continuous
sign language recognition (CSLR) by introducing an ad-
ditional shared sequential module to learn shared knowl-
edge of different languages, and in contrast to their work,
our scheme can achieve significant performance improve-
ment without introducing an additional module.

2.2 Temporal feature processing in CCSLR

Temporal features are primarily used to model context
information, which is important for CCSLR [3, 29, 31].
Cheng et al. [32] established a fully convolutional net-
work (FCN) for online sign language recognition to simul-
taneously learn the spatial and temporal characteristics
of sequences. The CSLR framework solution composed
of a pre-trained visual module followed by a contextual
module such as recurrent neural networks (RNNs) and a
connectionist temporal classification (CTC) based align-
ment module for gloss generation has been used in CC-
SLR tasks. RNN is used to learn long-term information of
spatial-temporal feature sequence and the CTC algorithm
is used for mapping video sequence to ordered sign gloss
sequence. For instance, Wei et al. [7] introduced a new
multi-scale perception (MSP) strategy based on the CNN-
RNN-CTC framework to learn the discriminative repre-
sentation of video clips. In addition, Liao et al. [33] pro-
posed a feature extraction module based on B3D ResNet,
which extracts spatial-temporal features by inputting seg-
mented video frames. To improve the recognition accu-
racy, Zhao et al. [34] put forward a 3D-CNN method com-
bined with optical flow processing. Yang et al. [35] adopted
the combination of LSTM and 3D convolution at the frame
level to create an effective temporal modeling architecture.
Pu et al. [36] used soft-DTW to constrain the long short-
term memory (LSTM) results to obtain better annotations,
and to fine-tune 3D-ResNet to extract better temporal fea-
tures. Niu and Mak [28] developed a transformer encoder
to extract the temporal information between video frames.
The advantage of the transformer encoder is that the resid-
ual connections between layers are beneficial for better
backpropagation.

2.3 Feature sequence alignment in CCSLR

In CCSLR, the alignment module is used to find the cor-
respondence between the video feature sequence and the
gloss annotation sequence [37]. At present, the method
based on the CTC algorithm is adopted in most sign lan-
guage recognition methods [38] for alignment [6, 32, 36,
39-42]. Aiming at the problem of inconsistency between
the CTC objective and evaluation metric, Pu et al. [39]
proposed cross-modality augmentation for their architec-
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ture. Zhou et al. [6] introduced a dynamic pseudo-label
decoding method. The rational alignment path is found
through dynamic programming. The model introduces
blank classes through the CTC algorithm to filter out
wrong labels and generate false labels that conform to the
natural word order of sign languages.

Different from the above research, our FTP scheme fo-
cuses on mitigating the model overfitting problem caused
by the small-scale dataset and the training method. A FTP
scheme is proposed in this paper for CCSLR migration to
achieve better feature processing.

3 Methodology
The pipeline of the proposed framework is illustrated in
Fig. 2.

3.1 Overview of the proposed framework

Consider a processed sign language video X = {x,}L,
where x and T represent the video frame and the num-
ber of frames in the video. First of all, in the spatial feature
module, the pre-trained and updated fine-tuned ResNet18
network is adopted to extract the corresponding spatial
features Z = {z,}L;. Then, in the temporal feature mod-
ule, the pre-trained and frozen fine-tuned transformer en-
coder network is used to extract the corresponding spatial-
temporal features C = {¢;} ;. We have developed an align-
ment model from the stochastic fine-grained label (SFL)
method [28]. The gloss sequence y corresponding to the
video X is first input into the SFL model [28], and y
is adjusted to the multi-state y by SFL’s reinforcement
learning algorithm. Next, in the alignment module, the
gloss corresponding to the video frame x is determined
by the probability p(y|x), which is calculated by the CTC
algorithm [38]. Because our basic framework is devel-
oped based on SFL; therefore, we use SFL as our baseline
method in this work.

3.2 Fine-tuning pre-trained scheme

To perform pre-training from non-Chinese datasets, we
process the relevant parameters of the convergence model,
including spatial and temporal features, and transfer them
to the CCSLR task. In addition, we use the transfer learn-
ing method of Ref. [13] for reference and make some ad-
justments on this basis to verify the effectiveness of our
method.

3.2.1 Spatial feature extractor module

The goal of CCSLR is to predict the corresponding gloss
sequence y = {y;}X | (K < M) based on the video sequence
X = {x;}L,. When transferring the parameters of the spa-
tial feature model, we transfer the pre-trained w and b (see
Eq. (1) for details) on the PHOENIX-2014 dataset to FTP’s
backbone for initialization and update it in the subsequent
CCSLR training phase.

z=ZZx(u+8u,v+8v,c) x w(du,8v) + b, (1)

chan éu,0v
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where u# and v denote the pixel coordinates of the video
frame x with chan channels, respectively, and b is the bias
term. The spatial neighbourhood, §, and §, is defined by
the convolution layer’s kernel size [43], and w is the weight
of the convolution kernel.

3.2.2 Temporal feature extractor module

After obtaining the spatial features Z = {z,}L; of the video
sequence X = {x,}_,, we need to obtain further tempo-
ral features C = {ct}tT=1 based on Z = {zt}thl. In this work,
a transformer encoder is adopted as the temporal feature
extractor. It achieves the effect of updating features by cal-
culating the weights of features at different times. First of
all, three types of features W, W, and Wy are mapped
to Z = {zt}tT: , through three linear transformation matri-
ces Wo, Wi, and Wy

We obtain Attention(Q, K, V) according to Eq. (2):

KT
Attention(Q,K,V) = softmax<0—> v, 2)

N

where dj represents a scaling factor.

After the model outputs £, L enters a fully connected
feed-forward network, and the output of the network is
added to £ and normalized, as explained in Eq. (3). Then,
the spatial-temporal feature C is obtained:

(3)
(4)

L= LayerNorm(Z + Attention(Q, K, V)),
C= LayerNorm(ﬁ + max (0, LW; + b))W, + bz).

We transfer the seven parameters, Wq, Wi, Wy, Wy, by,
W,, and b,, pre-trained on the PHOENIX-2014 dataset to
the CCSLR task. In particular, the fine-tuning method is
frozen.

3.3 Discussion

At present, few datasets can be selected for the CCSLR
task. Training a deep neural network on a small-scale
dataset is prone to overfitting. To alleviate data insuffi-
ciency for CCSLR at the method level, we learn from the
mature fine-tuning pre-trained scheme in transfer learn-
ing, which focuses on feature processing in CCSLR. It alle-
viates the problem of overfitting by learning “knowledge”
from better non-Chinese datasets, including spatial fea-
ture description and temporal feature description. Taking
into account the differences in the image level of sign lan-
guage speakers in different datasets (such as clothing and
background), we choose to use the initialized pre-trained
backbone model and further update it on the Chinese sign
language dataset; at the same time, based on the premise
that the temporal feature has a certain generalization abil-
ity, we freeze the transformer encoder parameters from
Pheonix-2014 pre-trained on the CCSLR model.

4 Experiments

4.1 Implementation details

In the pre-training stage, for the pre-training of ResNet18,
we remove its fully connected layer and set the output size
to 512. For the pre-training of the transformer encoder,
we adopt a 2-layer transformer encoder with four heads
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and set the dimension parameter of the position-wise feed-
forward layer to 2048 and the dimension parameter of the
model to 512.

In the model optimization stage, the Adam optimizer is
used. The learning rate of the optimizer is set to 0.0001,
and the weight decay is 1 x 107, In addition, we set the
batch size to 4. We let the model iterate 100 times and save
the model once after each epoch. After testing, the model
with the best test result will be chosen as our pre-trained
model.

In the fine-tuning stage, we transfer the seven parame-
ters of the pre-trained model (see above text for the spe-
cific meaning of the parameters) to the CCSLR task. In
particular, due to the frozen fine-tuning method, we set
the corresponding frozen parameter learning rate to 0 in
the CCSLR model in the transformer encoder. The model
stops training after the 100th iteration. After the training
is over, we test the saved model and select the model with
the best performance as our FTP model.

The proposed CCSLR method is implemented using the
PyTorch framework on an NVIDIA RTX2080Ti GPU.

4.1.1 Datasets and evaluation

The PHOENIX-Weather-2014 dataset [44] is a German
sign language dataset, which was captured from sign lan-
guage interpretations of weather forecasts. The resolution
of the video is 210 x 260 pixels. The size of the vocabulary
is 1081. It contains a total of 6841 videos. There are a total
of nine sign language speakers for demonstration in this
dataset.

The PHOENIX-Weather-2014-T dataset [45] is an ex-
tension of the PHOENIX-2014 dataset. It is designed for
sign language translation, but it can also be used to eval-
uate CSLR tasks. Similar to the PHOENIX-2014 dataset,
the video resolution of this dataset is 210 x 260 pixels
and there are also nine signers in the video sample of
PHOENIX-2014-T. The vocabulary size of this dataset is
1,066 words. There are 8257 video samples in total.

The RWTH-Boston-104 dataset [46] was collected by
the National Center for Sign Language and Gesture Re-
sources of Boston University. The dataset was captured by
three black and white cameras and one color camera in
multiple perspectives at the same time. The resolution of
the video is 312 x 242 pixels. The dataset consists of a to-
tal of 201 annotated ASL videos. It divides the video into
a training set and a test set. The training set includes 161
sentences, and the test set includes 40 sentences.

The GSL dataset [47] has a total of 40,785 video samples
and a total of seven sign language speakers to demonstrate.
The video resolution of GSL is 848 x 480. There are 310
words in total.

The USTC-CCSL dataset [4] was recorded using Kinect
devices. The resolution of the video is 1280 x 720 pixels. A
total of 50 signers participated in the video recording. The
dataset has 25,000 videos in total.
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4.1.2 Evaluation indicator

Similiar to most CCSLR studies in the literature, we choose
word error rate (WER) as the evaluation index. The mini-
mum sum of the replacement, insertion, and deletion op-
erations is performed to convert the recognized sequence
into the corresponding sign language annotation, which is
described as follows:

B #sub + #ins + #del

WER = (5)

#reference

where #sub, #ins, and #del represent the least operations of
substitution, insertion, and deletion, respectively, required
to convert the hypothetical sentence to the reference sen-
tence.

It is worth noting that we have used SPLIT-II [48] for
the identification task, which is more realistic. The specific
reasons are as follows:

1) SPLIT-I task pays more attention to distinguishing
signers, which reflects the robustness of the model’s back-
bone. When the dataset is small, it is prone to overfitting.
It is difficult to make a difference in WER indicators of dif-
ferent recognition methods.

2) In the SPLIT-II task, sentences in the test set do not
appear in the training set, but the gestures in the test set
are included in the training set. This feature is similar to
the most influential PHOENIX-2014 dataset.

4.2 Comparisons with the state-of-the-art CCSLR methods
We evaluate our FTP method on the commonly used pub-
lic dataset USTC-CCSL and report the comparison results
with a large number of state-of-the-art CCSLR methods,
such as CMA [39], STMC [3], and SFL [28]. At the same
time, for fairness, we directly use the experimental results
in these papers, except for the baseline (among the meth-
ods listed in Table 1, only baseline (SFL) has open source
code; however, it has not been tested on the USTC-CCSL
dataset).

For baseline (SFL) [3] and our FTP method, we fix the pa-
rameters of these two methods on the USTC-CCSL dataset

Table 1 Comparison of our FTP method with the state-of-the-art
CCSL methods on the USTC-CCSL SPLIT-II task. WER represents
word error rate

CCSLR method WER on USTC-CCSL SPLIT-Il task
HLSTM-attn [29] 64.1
CTM [5] 619
DenseTCN [48] 447
IAN [36] 32.7
STMC [3] 286
CMA [39] 24.5
Huetal. [12] 18.1
Zhao et al. [49] 13.7
SFL [28](Baseline) 283
FTP(Ours) 245
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and report the results in terms of the official evaluation
measure recommended by USTC-CCSL. Table 1 lists the
comparison results, where the evaluated CCSLR methods
are ranked in descending order according to their WER.
We can observe that our FTP method achieves the same
performance as the CMA [39] method.

To vividly illustrate the superiority of our FTP method,
we have selected three representative videos from the
USTC-CCSL test dataset. By analyzing the challenging
video sequences processed by FTP, as demonstrated in
Fig. 3, we found that our FTP method performs well in
the following three types of typical problems:

In the 96th video, FTP handles better recognition of aux-
iliary words, because in Chinese sign language, the ges-
tures of auxiliary words are usually simple and short. The
7th video shows that FTP’s backbone is more robust. Al-
though the baseline captured this gesture, it generated an
incorrect gloss. The gestures of “policeman” and “nurse”
are indeed similar. In the 15th video, our FTP and base-
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line did not obtain full marks, but we only deviated from
the two gestures of “ruler” and “country” (these two words
have a common gesture of raising both hands in Chinese
sign language), and the baseline showed more errors.

It can be observed that on the USTC-CCSL dataset, our
method has achieved significant performance improve-
ment on the SPLIT-II task. This means that our FTP
method is effective. What needs to be explained is that
our FTP method listed in the Table 1 has been pre-trained
and fine-tuned on the PHOENIX-2014 dataset.

4.3 Comparison with different pre-trained datsets

To further analyze the strength and the weakness of the
proposed FTP method on different pre-trained datasets,
we further evaluate it on different non-Chinese sign lan-
guage datasets. We fine-tune different pre-trained mod-
els on the USTC-CCSL SPLIT-II task. The results are dis-
played in Table 2. We can observe that the PHOENIX-2014
dataset performs best, while PHOENIX-2014-T, which fo-
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Figure 3 Recognition results of the baseline method and our method. The red rectangle indicates an error in the recognition. It can be seen from
the 96th video (top) that our method corrects an insertion error, from the 7th video (middle) that our method corrects a substitution error, and from
the 15th video (bottom) that our method corrects two errors even though it also makes an incorrect prediction
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Table 2 Comparison of the transfer effects of different
non-Chinese sign language datasets. WER represents word error
rate

Pre-trained dataset WER on USTC-CCSL

SPLIT-Il task
PHOENIX-2014-T 3040
RWTH-BOSTON-104 2834
GSL 26.08
PHOENIX-2014 24.55

cuses on translation tasks, has the least performance im-
provement. From the results of the experiment, it can be
found that the recognition task requires special recog-
nition datasets, and PHOENIX-2014 is a more suitable
dataset for transferring knowledge to Chinese sign lan-
guage.

Therefore, PHOENIX-2014 is selected as the pre-trained
dataset in our proposed FTP method.

4.4 Ablation study of FTP

After determining the pre-trained dataset, the next step
is to select the appropriate fine-tuning method to obtain
the appropriate spatial and temporal features. Through the
display of the ablation experiments in Table 3 and Table 4,
we use the experimental data to answer why we should
choose the respective specific fine-tuning forms for the
backbone and transformer encoder modules of our FTP.

4.4.1 Effect of the spatial feature extractor

For fairness, we first pre-train the backbone on four typ-
ical non-Chinese sign language datasets and then trans-
fer their backbones to the baseline method. Afterward, the
initialized backbones are fine-tuned on the USTC-CCSL
training dataset by freezing or updating, and at this time,
the transformer encoder weights are kept updated. As pre-
sented in Table 3, it is found that for the spatial feature
extractor, updating the transferred backbone parameters
is more conducive to the CCSLR task. Because the back-
bone focuses more on the appearance model of the video
frame, and different datasets often bring different appear-
ance representations due to different signers and environ-
ments, it needs to be updated in time. It is worth noting
that using the pre-trained backbone for initialization can
not only alleviate overfitting but also shorten the training
time.

In this ablation experiment, PHOENIX-2014-T obtained
the best result, which is mainly due to the following fac-
tors. Compared with other datasets, PHOENIX-2014-T
is not only of better quality but also contains more sam-
ples. Although the RWTH-BOSTON-104 is not large in
scale, it still achieves a better WER. The main reason is
that RWTH-BOSTON-104 is a dataset with multi-view
shooting, which makes it easier to obtain the representa-
tive frames.
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Table 3 Ablation results of our FTP regarding ResNet18's weight
state on the USTC-CCSL SPLIT-II task. In each different pre-trained
dataset, the best results are highlighted in bold

Pre-trained dataset ResNet18's weight state

Frozen Update
RWTH-BOSTON-104 54.22 37.68
GSL 41.38 33.79
PHOENIX-2014 40.01 33.53
PHOENIX-2014-T 38.02 31.32

Table 4 Ablation results of our FTP regarding the transformer
encoder’s weight state on the USTC-CCSL SPLIT-II task. For each
different pre-trained dataset, the best results are highlighted in
bold

Pre-trained dataset

Transformer encoder’s
weights state

Frozen Update
PHOENIX-2014-T 30.40 31.32
RWTH-BOSTON-104 28.34 37.68
GSL 26.08 33.79
PHOENIX-2014 24.55 3353

4.4.2 Effect of the temporal feature extractor

Table 4 presents that frozen weights can well assist the
temporal feature extractor, and at this time, the ResNet18’s
weights are kept updated. Experiments on four pre-trained
datasets have confirmed that the freezing transformer
encoder improves the recognition results more signifi-
cantly. Compared with GSL and RWTH-BOSTON-104,
PHOENIX-2014 has more gesture vocabulary and videos,
and gloss annotations are more suitable for recognition
tasks. PHOENIX-2014-T, which mainly serves the transla-
tion task, is different from the recognition task in the form
of annotation and dataset division, which leads to the pre-
trained temporal feature extractor unable to complete the
recognition task.

Itis noted that our FTP is primarily composed of the spa-
tial feature module and the temporal feature module. In
particular, the FTP method composed of these two mod-
ules has been completed on the PHOENIX-2014 dataset.
Therefore, the selection of the PHOENIX-2014 dataset as
the source dataset for transfer learning confirms the im-
portance of temporal feature processing for the CCSLR
task.

5 Conclusion

This paper presents a novel scheme for fine-tuning of pre-
trained models named FTP for the CCSLR task with a cou-
ple of novel spatial feature module and temporal feature
module designs. Our method aims to alleviate the prob-
lem of data insufficiency for Chinese sign language recog-
nition. First, we adopt the fine-tuning method of updating
the backbone model, which has been initialized by the pre-
trained scheme. Second, we propose a frozen method for
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the temporal feature extractor module. These two innova-
tions ensure that high-quality features can be obtained.
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