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Abstract: We studied continuous sign language recognition using Doppler radar sensors. Four signs
in Chinese sign language and American sign language were captured and extracted by complex
empirical mode decomposition (CEMD) to obtain spectrograms. Image sharpening was used to
enhance the micro-Doppler signatures of the signs. To classify the different signs, we utilized an
improved Yolov3-tiny network by replacing the framework with ResNet and fine-tuned the network
in advance. This method can remove the epentheses from the training process. Experimental results
revealed that the proposed method can surpass the state-of-the-art sign language recognition methods
in continuous sign recognition with a precision of 0.924, a recall of 0.993, an F1-measure of 0.957 and
a mean average precision (mAP) of 0.99. In addition, dialogue recognition in three daily conversation
scenarios was performed and evaluated. The average word error rate (WER) was 0.235, 10% lower
than in of other works. Our work provides an alternative form of sign language recognition and
a new approach to simplify the training process and achieve a better continuous sign language
recognition effect.
Keywords: continuous sign language recognition; Doppler radar; time-frequency analysis;
complex empirical mode decomposition; Yolov3-tiny

1. Introduction
Human–computer interactions (HCIs) have developed prosperously in recent years, allowing various
non-contact and flexible methods for different industrial and daily life backgrounds. For example,
hand gestures can be used as inputs in many HCI scenarios and hand gesture recognition (HGR) is a key
component widely applied in motion sensory games; intelligent driving; and assisting deaf communities
and hearing societies [1,2]. Widely used in these disabled communities, sign language is considered a
dynamic sequence of hand gestures that conveys meaningful semantic expressions from the brain and thus
has received extensive attention in the latest HCI studies. The current sign language recognition available
can be either sensor-based or vision-based. Sensor-based sign language recognition is achieved via sensors
embedded in the data gloves [3] or mechanomyogram signals [4]. These sensor-based sign language
recognition devices are relatively expensive and inconvenient to wear or carry. Vision-based sign language
recognition utilizes images or videos of signs captured by cameras, and deep learning as the classifier to
reach a fine recognition accuracy. In [5], alphabets were classified based on images and a deep neural
network with a test accuracy of up to 70%. In [6], three specific words were recognized with videos based
on a deep learning network with a final recognition accuracy of up to 91%. In [7], four dynamic words
were distinguished by analyzing the video sequence with a combination of 3D residual convolutional
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neural network and bi-directional long short-term memory (LSTM) networks. However, vision-based sign
language recognition is highly affected by light and has security concerns about privacy leakages. Thus,
exploration of new sign language recognition solutions is still in the spotlight of the HCI field to improve
the status quo. Inspired by the rapid development in millimeter-wave radar sensors, electromagnetic
(EM) waves are an emerging alternative in HCI. The Soli project by Alphabet utilized a customized
60 GHz FMCW radar chipset to manipulate a wearable device [8]. Zhang et al. [9] used continuous
wave radar to collect data and a support vector machine (SVM) to classify four gestures, producing a
classification accuracy of 88.56%. Kim et al. [10] used a 5.8 GHz Doppler radar combined with a deep
convolutional neural network (DCNN) and achieved an accuracy of 87%. Therefore, EM wave is
able to become the third medium which semantically represents sign language for deaf and dumb
communities. Nevertheless, wielding EM waves to translate sign language is different from most
state-of-the-art HGR problems in [11]. Hand gestures studied in the research based on radar sensors are
commonly simple motions, such as directional movement or finger rotation. In contrast, sign language
contains more versatile expressions of joint flexion and rotation [12]. Meanwhile, most HGR studies
focus more on alphabets, numbers and single word recognition among the existing identification
methods, and little attention is paid to the practical recognition of continuous signs or dialogues.
Therefore, this paper proposes to use EM waves to represent continuous sign language at the
sentential level. Continuous signs consist of individual signs and the epentheses between adjacent
signs, which are useless to the study. Without segmentation in terms of frames, we applied a complex
empirical mode decomposition (CEMD) to extract non-stationary micro-Doppler signatures on the
millimeter-wave radar echo spectrograms. Additionally, an improved yolov3 network was constructed
to classify four signs in Chinese sign language (CSL) and American sign language (ASL) datasets.
Accordingly, the rest of the paper is organized as follows: Section 2 shows the state-of-the-art of radar
sensing and the its characteristics compared to other data modalities. Section 3 gives the methodology
of CEMD-based time-frequency analysis. Section 4 presents an improved fine-tuned yolov3-tiny
network to dynamically find the sign from the time-frequency spectrograms. After the experimental
analysis in Sections 5 and 6, we draw the conclusions in Section 7.
2. State-Of-The-Art of Radar Sensing
2.1. State-Of-The-Art and Characteristic of Radar Sensing
In recent years, radar sensing has started to gain significant interest in many fields beyond defense
and air-traffic control, opening new frontiers in radar [13]. With different modulations of transmitting
waveforms, the capabilities of short-range radars, including Doppler radar, frequency modulated
continuous wave (FMCW) radar sensors, stepped frequency continuous wave (SFCW) devices,
and impulse response ultra-wideband (IR-UWB) radars, are also being investigated in automotive [14],
indoor navigation [15] and biomedical and health care [16] industries. Featured for its simple structure,
low cost and high integration in package, Doppler radar sensors in the millimeter wave band provide
an appealing high sensitivity to moving targets and enable numerous applications, such as hand
gesture, human activity and vital sign detections, which traditionally relied on visual images.
In sign language recognition, both visual and radar images for a sign are highly related to the
pose of the hand and how it temporally evolves. However, the information that they can provide is
extremely different. There are many released visual image datasets to support hand pose estimation
and further promote the sign language recognition effectively [7,17–19]. These datasets consist of
hundreds of thousands of RGB 2D or 3D images and videos to describe the hand in different poses with
different backgrounds and illuminations. Additionally, images in the dataset can be arbitrarily rotated,
flipped and cropped to enhance the robustness of the recognition. However, those functions cannot be
used in radar sensing. Due to the frequency band, modulation bandwidth and modulated waveforms
of different radars, data consistence can not be easily guaranteed. Unlike video, radar measurements
are not inherently images, but actually form a time-stream of complex I/Q data from which line-of-sight
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distance and radial velocity may be computed [20]. In this work, the radar echo signals require further
processing to become visualized in the modality of micro-Doppler signatures of motion. This modality
shows the correspondence of time and Doppler rather than hand poses. The descriptions of this
correspondence do not rely on the light illumination and are barely affected by the background,
as only moving targets can be shown in the spectrograms after time-frequency analysis. Although not
supported by large standardized datasets, radar sensing is favored as a new approach in sign
language recognition.
2.2. State-Of-The-Art of 24 Ghz Radar Integrated Implementation
Note that 24 GHz radar is widely used in automotive anti-collision and vital sign recognition.
Due to the frequency band which they work in, 24 GHz radar sensors can reduce the size of the
antennas. With the development of microwave integrated circuits (MIC), the radar components can be
integrated on a planar structure with the antennas on one side and the baseband circuits on the other
side. At present, the majority of companies have produced their own radar chip products for different
needs. Single-chip radars, such as the front-end transceiver chipset for the radar system from Freescale
and Infienon, provide highly integrated technology solutions in many scenarios. Another type of
low-cost radar is composed of transistors and microstrip circuits, such as the radar sensor from RFbeam
used in our work. Moreover, many integrated circuit companies, such as Texas Instruments and Analog
Devices, have extended their product lines to the millimeter wave band. They have released many new
independent RF modules on the shelf, such as mixers, amplifiers and local oscillators. The all-round
and open framework makes radar design more flexible.
3. Sign Language Representation Based on Doppler Radar
3.1. Micro-Doppler Signatures of Sign Language
A Doppler radar can transmit EM wave at a wavelength of λ and the signal can be mathematically
expressed as
s(t) = cos(2π f t + φ(t))
(1)
where f and φ(t) represent the carrier frequency and phase. The echo signal can be expressed as
r (t) = cos(2π f t −

4πd0
4πx (t)
−
)
λ
λ

(2)

where d0 is the initial distance between object and antenna and x (t) is the distance shift caused by the
relative movement. According to Doppler effect, the velocity of the moving object can be measured.
The center frequency shift, that is, Doppler frequency, can be expressed as
fd =

2v
cosθ
λ

(3)

where θ is the incident angle to radar. Therefore, a sign can be represented by a series of micro-Doppler
signatures of echo signals.
3.2. Continuous Sign Representation at the Sentential Level
A daily conversation based on sign language can be visualized by processing the echo signals
to find the spectrograms, or micro-Doppler signatures of the hand motion. Figure 1 shows a daily
conversation scenario captured by 24 GHz Doppler radar sensor with the sign dialogue segments
“How are you?”; “Fine, Thank you”; and “Do you understand? Yes.” The top layer in Figure 1 shows
the visual hand motions, the middle layer shows the translated spectrograms related to the individual
words after time-frequency analysis and the bottom layer shows the translated spectrograms after
time-frequency analysis related to the completed sentence. In Figure 1, a movement transition exists
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between two consecutive signs, namely, an epenthesis, which results from moving the hands from the
end of one sign to the beginning of the next sign. The epentheses do not correspond to any semantic
content but can involve changes in hand gestures, sometimes resulting in a crossover between two
consecutive sign sentences, even longer than real signs. Consequently, to use EM waves to recognize
signs, the solutions to two key problems are needed: (1) describe the micro-Doppler signature in a
fine-grained way; (2) identify and remove the epentheses prior to the recognition.
How are you?

Fine,

Thank you.

Do you

understand?

Connected
motion

Yes.

Connected
motion

Figure 1. Time-frequency spectrograms to characterize dialogues. The demonstrated dialogue:
“How are you? Fine, Thank you”; and “Do you understand? Yes.”

3.3. CEMD-Based Time-Frequency Analysis
In order to find the intrinsic connection between real signs and frequency spectrograms,
time-frequency analysis is frequently used as an effective tool in radar signal processing. Short-time
Fourier transform (STFT) and Winger–Ville distribution (WVD) are popular time-frequency analysis
methods. In STFT, the time and frequency resolutions are limited due to the fixed window
length. Thus the spectrogram obtained by STFT has many lumps caused by low resolution of
time-frequency analysis. WVD is a non-linear transformation that leads to the cross-terms in calculating
multi-component signals. Although the spectrogram gives the best time-frequency resolution,
the cross-terms inevitably affect the recognition of signal terms. Compared to the methods above, with a
high time-frequency resolution and shorter processing time, CEMD is utilized to pre-process the signals
by many time-frequency analysis methods [21]. As the extension of EMD [22] in the complex domain,
CEMD can adaptively decompose the input signal according to its own characteristics. Hence, CEMD for
processing in this study could clearly represent the time and frequency distribution. The comparison
between STFT, WVD and CEMD is shown in Figure 2. The cell intensity of the spectrogram represents
power spectrum density (PSD), expressed by the color intensity. For example, the red region on the
spectrogram corresponds to the strong PSD of the radar echo signals. Different signs have different PSD
distributions. For a single sign, the peak of the PSD can be always found. However, for a stream of signs,
such as a sign sentence with an unlimited length for words or phrases, some signs are invisible because
the peak PSD of each sign may be relatively low compared to that of other signs, as shown in Figure 3a.
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To avoid this problem, PSD sharpening can be used to enhance the edge of the spectrogram and PSD
transition. The original spectrogram is m(t, f ) and the sharpened spectrogram g(t, f ) can be obtained by

∇2 m(t, f ) = m(t, f + 1) + m(t + 1, f ) + m(t − 1, f ) + m(t, f − 1) − 4m(t, f )

(4)

∇2 g(t, f ) = m(t, f ) + α∇2 m(t, f )

(5)

where α is the enhancement factor and the operator ∇2 is Laplacian operator. Background noise
can be filtered out on the spectrogram by threshold detection described by Equation (5). In this
case, a time-frequency spectrogram is transformed more visually clearly from Figure 3a to Figure 3b.
Figure 3b also reveals that the sharpened spectrogram makes it easy to make the labels. The categories
of the signs have been marked with red boxes.

(a) “Hello” (STFT)

(b) “Thanks” (STFT)

(c) “Yes” (STFT)

(d) “No” (STFT)

(e) “Hello” (WVD)

(f) “Thanks” (WVD)

(g) “Yes” (WVD)

(h) “No” (WVD)

(i) “Hello” (CEMD)

(j) “Thanks” (CEMD)

(k) “Yes” (CEMD)

(l) “No” (CEMD)

Figure 2. The spectrograms obtained by three different time-frequency analysis methods.

Hello

Thanks

Yes

No

(a) Original continuous spectrogram

Hello

Thanks

Yes

No

(b) Sharpened continuous spectrogram

Figure 3. The spectrograms of continuous signs.

Based on the Doppler radar model in the section above, the proposed CEMD-based time-frequency
analysis algorithm is described in Table 1.
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Table 1. CEMD-based time-frequency analysis algorithm.
Input: original radar time series r (t).
Output: spectrogram obtained by CEMD.
(1) Pass the Fourier transform of the signal through an ideal bandpass filter to get the
positive and negative frequency components, R+ (e jω ) and R− (e jω ).
(2) Inverse Fourier transform to R+ (e jω ) and R− (e jω ) and take the real part. The real
sequence r+ (n) and r− (n) are obtained.
(3) Perform standard EMD to r+ (n) and r− (n). The order of the intrinsic mode functions
(IMF) is N.
(4) Iteration from 1 to N. Do the following operations.
(a) Hilbert transform to im f i (t) and obtain the matrix mi (t, f ).
(b) Add the newly obtained matrix to the previous matrix.
(5)End of iteration
(6) The final matrix m(t, f ) is the spectrogram of the gesture data. The horizontal axis of
the spectrogram is time and the vertical axis is frequency.
(7) Follow Equations (4) and (5) to sharpen m(t, f ) for g(t, f ).

4. Yolov3-Based Sign Language Detection
As described above, there is no practical point in training and identifying the epentheses in sign
language. However, they can also be studied as objects unnecessarily. To distinguish the epentheses
from a sequence of signs, the technique of framing was used in the previous work [23] via splitting
the sequence into different lengths. However, the fault tolerance rate is unsatisfactory because the
sequence is empirically split. For different signs, the segmented sequences may not be compatible.
Consequently, we propose a Yolo model-based sign detection network as the classifier. The Yolo
models firstly proposed in 2016 are well-known in object detection [24]. They are featured in finding
the interesting information directly and ignoring the interference from video streams, and becoming
ideal candidates for real-time conditions and on-device deployment environments. This technique
predicts the probability of multiple sign objects in different sign categories along with their temporal
evolution over the stream of time-frequency spectrograms. Each sign object category can be classified
based on its time-frequency analysis features, including the colored points and regions, as shown in
Figure 2. When the features are fed to the network, it can predict which categories of object the features
belong to and the occupied region with bouding box.
4.1. Network Input
The input of Yolo is objects of different sizes and orientations in the data flow, often overlapping with
other objects. Unlike the previous objects, in this paper, the objects in our data flow are approximately
equal in size and have the same orientation. Meanwhile, the objects are clustered near the axis
where f = 0 and arranged distanced in the order of the time axis. Due to these characteristics,
the meanings of the corresponding signs can be marked in order, making understanding the meaning of
the entire sequence easy.
4.2. Yolov3 and Yolov3-Tiny
Yolov3 [25] predicts the bounding box of the object directly from the whole image, which turns
the detection issue into logistic regression. Yolov3 is an end-to-end convolutional neural network and
uses Darknet-53 as the network framework. Instead of pooling layers, convolutional layers with a
stride size of 2 and a kernel of 3 × 3 are used to reduce the loss of feature extracted. The fully connected
layers are also replaced by convolutional layers. Yolov3 divides the input image into S × S grid cells
where S has three different scales. A certain grid cell predicts the object if the center coordinates of
the object fall within this grid. Each grid cell predicts three bounding boxes according to three anchor
boxes and each bounding box predicts four coordinate offsets, including coordinate position and

Electronics 2020, 9, 1577

7 of 14

length; and width of the box, confidence score and number of categories. Thus the size of the final
tensor is S × S × 3 × (5 + N ), where N is the number of categories.
In Yolov3, the loss function is divided into three parts, including Giou loss, objectness loss and
classification loss. Giou is caused by the offset of the bounding box to the ground truth. Objectness loss
is the probability of whether the bounding box contains the object. Classification loss is caused by the
offset of the category prediction.
Yolov3-tiny is a simplified version of Yolov3 and inherits the basic method of Yolov3. Yolov3-tiny
only consists of 13 convolutional layers and divides the image into two scales, as shown in Figure 4a.
Although the accuracy of Yolov3-tiny is reduced to a certain extent, the calculation speed is greatly
improved with fewer network layers.
濖瀂瀁瀉
濣瀂瀂濿

濜瀁瀃瀈瀇

濖瀂瀁瀉
濣瀂瀂濿

濖瀂瀁瀉
濣瀂瀂濿

濖瀂瀁瀉
濣瀂瀂濿

濠濴瀋
瀃瀂瀂濿

濖瀂瀁瀉

濖瀂瀁瀉
灤濅

濖瀂瀁瀉
濣瀂瀂濿

濖瀂瀁瀉
灤濅

濄濆灤濄濆灤濡

濇濄濉灤濇濄濉灤濆

濖瀂瀁瀉

濨瀃澳
瀆濴瀀瀃濿濼瀁濺

濖瀂瀁瀉
灤濅
濅濉灤濅濉灤濡

濖瀂瀁瀉
濣瀂瀂濿

濠濴瀋
瀃瀂瀂濿

濐 濖瀂瀁瀉

(a) Original Yolov3-tiny network
濖瀂瀁瀉
濣瀂瀂濿

濜瀁瀃瀈瀇

濥濸瀆
灤濉
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灤濅

濄濆灤濄濆灤濡

濇濄濉灤濇濄濉灤濆

濖瀂瀁瀉

濨瀃澳
瀆濴瀀瀃濿濼瀁濺
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灤濅
濅濉灤濅濉灤濡

濖瀂瀁瀉
濣瀂瀂濿

濐 濖瀂瀁瀉

濠濴瀋
瀃瀂瀂濿

濥濸瀆

濐

濖瀂瀁瀉

濖瀂瀁瀉

濴濷濷

(b) Improved Yolov3-tiny network
Figure 4. A Yolov3-based dynamic sign language detection network.

4.3. Improved Yolov3-Tiny Network
In order to further increase the learning depth of the network, an improved Yolov3-tiny network
is shown in Figure 4b. We replaced the framework with ResNet [26]. The residual network can solve
the problem of gradient disappearance and gradient explosion when the number of network layers
increases. The input size of the network is unified to 416 × 416 × 3. The entire network includes eight
residual blocks and five downsamplings. The kernel size is 3 × 3 in each residual block. Two different
sizes, 26 × 26 and 13 × 13, are output through route layers after the fourth and fifth downsampling.
The route layer stitches tensors of different layers together to realize the connection from the shallow
network to the deep network. The final convolutional layer is 13 × 13 × 27.
5. Experiments
5.1. Doppler Radar Sensor Prototype System
In order to validate the effectiveness and efficiency of the proposed method in sign language
recognition, a prototype radar system was constructed as shown in Figure 5. In this prototype system,
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a 24 GHz shelf radar sensor from RFbeam company, K-LC7, was selected to provide one transmitting
antenna and two receiving antennas with a gain of 8.6 dBi. A 5 V DC power supplier powered the
prototype system. Due to no amplifier being embedded inside the radar sensor, the output signals directly
from the radar were weak. To enhance the signal-to-noise ratio, a customized operational amplifier
module was designed and manufactured. The operational amplifier was LMV722 which had a unity-gain
bandwidth of 10 MHz, a slew rate of 5 V/ms and dual ports. The amplifier module was designed based
on the principle of voltage parallel negative feedback. As shown in Figure 5, a reference voltage was
provided for the positive input. C1 and R2 formed a high-pass filter and C3 and R3 formed a low-pass
filter. The cut-off frequency of the high-pass filter was 3.18 Hz and the cut-off frequency of the low-pass
filter was 3.09 kHz. Meanwhile, the PCB was designed to ensure the radar system can be directly plugged
into the input channel of analogue-to-digital (A/D) converter which made the sign collection more
convenient. The gain of the designed amplifier module was 52 dB. The intermediate frequency (IF) I/Q
output signals were amplified by the amplifier, and then transferred to the National Instruments USB6211
A/D converter to a desktop computer. Combined with the DAQ assistant in LabView, radar echo signals
reflected by signs can be collected and processed.

Radar sensor

Amplifier module
Dupont
Line

A/D convertor
Dupont
Line

USB
cable

VCC

Dupont
Line

5V

C3

R3

Ref

Power supply
Measuring principle

濄

Input C1

Output
R2

K-LC7 inner structure

LMV722MA

PC

DC supply
A/D convertor

Amplifier module
Radar K-LC7

Figure 5. The entire structure of the prototype radar system.

5.2. Dataset
The sign language measured was signed by a single hand, as shown in Figure 6. The signs
included “Hello” and “Thanks” in CSL; and “Yes” and “No” in ASL. The first line of Figure 6 has the
initial poses of the signs and the second line shows the final poses of the signs. “Yes” and “Thanks”
needed to be performed twice for meaning expression. For the convenience of the measurement
process, the prototype system was placed at the edge of the table. The signer gestured straightly
towards the radar at the same distance of 10 cm. Based on the low pass filter of the operational
amplifier, the velocity of the signs needed to be greater than 2 cm/s. The sampling frequency was
1 kHz. Three different datasets were collected, including single signs for residual block fine-tuning,
continuous signs for training and dialogues for evaluating the entire network. For the single signs,
the sampling time was 1.5 s. For continuous signs, the signers gestured the four signs continuously in
five different orders and paused during switching the gestures. Each set of signs was signed for 8 s
and repeated 40 times. In this way, the size of the raw dataset was 800. In addition, we added noise,
which was white Gaussian noise with a signal to noise ratio of 22 dB, to the original signals in order
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to expand the dataset to 1600. To further investigate the dynamic sign recognition, we also collected
several sets of sign dialogues combining these four gestures studied with other words unstudied.
There were 150 sets of dialogues collected and each sign was repeated 50 times.

Figure 6. Four signs measured: (a) “Yes” in ASL, (b) “No” in ASL, (c) “Hello” in CSL, (d) “Thanks”
in CSL.

5.3. Classification with Improved Yolov3-Tiny Network
Before the classification, we used Window LabelImg to label objection and then trained the data
with the improved Yolov3-tiny network. The total continuous dataset was divided into a training
set and a testing set with the ratio of 9:1. In order to reduce the training time and avoid over-fitting,
we used fine-tuning in the training process [27,28]. Since the improved Yolov3-tiny network was
modified based on the ResNet18 with the same downsampling layers with ResNet18, we trained
the ResNet18 with the single sign data in advance. Then we fine-tuned the network by loading the
pretraining weights of the eight residual blocks and trained the other layers with the continuous
dataset. The training parameters are shown in Table 2. The sizes of the initial anchor boxes can be
obtained by k-means clustering algorithm—respectively, (38, 33), (24, 28), (33, 33), (25, 31), (23, 30),
(21, 28).
Table 2. Training parameter settings.
Parameter

Value

Epoch
Batch size
Initial learning rate
Weight decay
IOU threshold
Confidence threshold
Optimizer

300
16
0.005
0.0005
0.5
0.3
Adam

6. Results and Analysis
6.1. Continuous Sign Recognition
After training, we used the testing set to evaluate the results of the training. The training loss of the
dataset of 1600 is shown in Figure 7. The network marked the predicted category and confidence score of
signs and framed each sign predicted, as shown in Figure 8. The quantitative effect of the network could
be evaluated by precision, recall and mean average precision (mAP). Precision is how many signs in the
set are accurately predicted. Recall is how many signs predicted as corresponding categories are accurate.
The mAP is the accuracy of the total validation set. The results of 800 and 1600 dataset sizes are shown in
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Table 3. It can be seen from the results that the network could achieve a better result with the increasing
dataset size. When the dataset size is not large enough, data augmentation by adding noise to the original
signal could improve the training effect to a certain extent.
10

2

Giou
Objectness
Classification

Loss

Total loss

10

1

10

0

0

50

100

150

200

250

300

Epoch

Figure 7. Training loss.

Figure 8. The predicted categories and confidence scores of continuous signs.
Table 3. The recognition results of different dataset sizes.
Dataset Size

Precision

Recall

mAP

F1-Measure

800
1600

0.812
0.924

0.958
0.993

0.932
0.99

0.879
0.957

The mAP compared to other methods is also shown in Table 4. According to the results, our method
reaches an mAP up to 99%, which is higher than most of the previous works.
Table 4. Mean average precision (mAP) comparison with other methods having different data
acquisitions and classifications.
Data Acquisition

Classification

mAP

Data glove [29]
Video [30]
Video [31]
Video [32]
Image [33]

Orientation and motion
SVM
CNN
Inception+RCNN
Faster-RCNN+3D CNN+LSTM

94%
96%
92.88%
93%
99%

Radar(our method)

Improved yolov3-tiny

99%
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6.2. Dialogue Recognition
Word error rate (WER) was used to evaluate the recognition effect of the proposed network. In this
paper, WER is defined as
insertions + substitutions
WER =
(6)
total words
We used the dialogue dataset to evaluate the trained Yolov3-tiny network. For the dialogue
recognition, the WERs of our work and other works are shown in Table 5. The predicted categories
and confidence scores are shown in Figure 9. In the actual application scenario, the WER of single
sentence dialogue was below 0.28, which is 10% lower than that of other methods, even though many
untrained signs were involved.

(a)“How do you do? Thank you.”

(b)“Do you understand? Yes.”

(c)“Do you understand? No.”
Figure 9. The predicted categories and confidence scores of dialogues.
Table 5. The recognition results of three dialogues and word error rate (WER) comparison with
other works.
Dialogue

Insertion

Substitution

WER

How do you do? Thank you.
Do you understand? Yes.
Do you understand? No.

0.1
0.06
0.1

0.18
0.16
0.06

0.28
0.22
0.16

Total

0.09

0.145

0.235

Camgoz, et al. [34]
Zhang, et al. [19]
Pu, et al. [35]
Wei, et al. [36]

-

-

0.407
0.383
0.367
0.268

6.3. Discussion on Reuse of 24 Ghz Automotive Radar in Sign Language Recognition
As described in Section 2, 24 GHz radar sensors can also be utilized as automotive radar for blind zone
detection, lane change assistance and parking aid. With strong ability in target detection, the automotive
radar is also theoretically capable of extending its functional boundary from traditional vehicle navigation
to sign language recognition. However, there are still differences between automobile navigation and sign
language recognition in the actual application scenario. Automotive radar has a longer detection distance
and has certain requirements for the beam patterns and polarization. Based on these characteristics,
the microstrip antenna array has been proposed within the automobile radar design—the radar sensor is
always very large in size, with high integration of circuits and components and a hefty price. However,
the very different requirements for sign language recognition compared with automobile radars are
shorter distance, wider field of view and lower polarization dependence. Those differences can be
explained by the fact that the scenario for sign language recognition mostly involves consumer electronics
such as laptops, tablets, mobile phones and other wearable electronics. Therefore, further optimizations
such as modification of antenna gain, amplifier gain and array arrangement are required for the direct use
of automotive radar for sign language recognition.
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7. Conclusions
In this paper, we investigated the feasibility of continuous sign language recognition based on a
Doppler radar sensor. The continuous signs consist of four signs in CSL and ASL, including “Hello”;
“Thanks”; “Yes”; and “No.” The signs are captured by a 24 GHz radar system and the micro-Doppler
signatures are extracted by CEMD in time-frequency analysis. To distinguish the interesting signs from
the epentheses, a fine-tuned improved Yolov3-tiny network is utilized based on pretrained Resnet18.
A prototype system was constructed for the evaluation of the proposed method at both the continuous
sign level and the sentential sign level. The experiment results show that the precision, recall, mAP and
F1-measure of the continuous sign recognition are 0.924, 0.993, 0.99 and 0.957. The average WER of
the dialogue recognition is up to 0.235. Compared with sign language recognition based on video
and inertial sensors, sign language recognition represented by EM waves reaches a higher accuracy
and lower WER. In conclusion, the proposed method provides a new potential for non-contact sign
language recognition.
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