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Abstract—A millimetre-wave (mmWave) radar, having synergies 
with the multi-beam light detection and ranging (LiDAR) and cam-
eras, has been considered as a must-have sensor in the connected 
and autonomous vehicles (CAV) in the future intelligent trans-
portation systems (ITS). Besides the traditional target detection 
and ranging functions, the mmWave radar is expected to perform 
more intelligent tasks to improve the road safety, for example 
recognising the targets, especially the vulnerable road users like 
pedestrians and cyclists. This paper describes a simulation study of 
the micro-Doppler signatures of the pedestrian and cyclist based on 
mmWave vehicle radar and investigates the recognition capabilities 
through both the convolutional neural networks (CNN), recurrent 
neural networks (RNN) and mixed convolutional and recurrent 
approach respectively. The result demonstrates the usability of the 
mmWave radar Doppler information and complementary with the 
video and laser data streams in the CAV auto-piloting. 

Index Terms—mmWave, radar, automated vehicles, micro 
Doppler, object recognition, CNN, RNN, LSTM. 

I. INTRODUCTION 

Road safety is one of the essential factors for publicizing the 
auto-pilot vehicles and intelligent transportation system (ITS). 
Protection of the vulnerable transportation participants, such as 
pedestrians and cyclists, draws increasing public concern with 
the news on accidents caused by self-driving cars [1]. World 
Health Organisation (WHO) reports over half of the 1.35 million 
deaths in road accidents are vulnerable road users [2]. To reduce 
fatalities in the accidents, sensor technologies and the intelligent 
signal/data inferring methods play the key role in the future 
connected and autonomous vehicles (CAV) [3]. 

The modern vehicle has integrated with variety of sensors 
for modelling and interpreting the static and dynamic road 
environmental factors. Often, we can easily fnd camera, radar, 
ultrasound and light detection and ranging (LiDAR) on com-
modity or trial vehicles. Regarding the environmental modelling, 
especially detection and recognition of the road users like 
pedestrians and cyclists, camera and LiDAR are two most 
discussed sensors. Dash board mounted cameras have been 
actively used for pedestrian detection and similar applications in 
the last decade, due to the available dataset contributions in the 
community and rapid development of the neural network (NN). 

As high resolution sensor, both video and LiDAR data are 
able to capture rich details information for tracking, recognition, 
even identifcation of the targets on the road. However, the 
both sensors suffer from the range constraint caused by light 
condition and dispersion effects due to the high dense particles 

in raining, foggy or snowing weather conditions. According 
to the experimental result in [4], radar sensor show obvious 
advantage in such situation. 

Besides camera and LiDAR, the mmWave radars working on 
24 and 77 GHz are also commonly used in the modern vehicles, 
for example, the long-range radar for active cruise control, 
short-/medium-range radar for cross-traffc alert, rear collision 
warning and spot detection. Most of the current applications 
for vehicles still focus on target detection, ranging and instant 
velocity estimation functions of radar. In fact, the intelligent 
functions, such as target recognition, motion classifcation and 
high resolution imaging of modern radars, especially on the 
mmWave bands, can play more important roles in CAVs. 

This paper concerns the potential of the mmWave radar 
Micro Doppler (µ-D) in road user recognition. The general 
µ-D effect was comprehensively elaborated by V. Chen in 
[5]. Then, it has been widely researched for human activity 
recognition [6], vital sign detection [7], [8] in security [9] and 
healthcare [10]. The Doppler effect has also received attention 
by the ITS communities and has been widely investigated for 
collision prevention [11], vehicle classifcation [12], driver status 
monitoring [13] and pedestrian characterisation [14]. Due to 
the fact that most current on-vehicle radars are not able to 
continuously output the Doppler record, the aforementioned 
works are based on the controlled experimental environments. 

Compared to camera and LiDAR, there is lack of µ-D data 
including road users of the real trails to be used for recognition 
modelling. Then, due to these data availability issues, it is worth 
using simulation strategies in present studies. In this paper, 
i) the µ-D simulation method is introduced for simulation of 
the pedestrian and cyclists data on the road; ii) the simulated 
dataset is used for recognition modeling using the convolutional 
and recurrent neural network strategies; iii) the pros and cons 
of CNN, RNN and mixed convolutional-recurrent approaches 
for µ-D signature-based vulnerable road users recognition are 
compared and discussed; iv) to identify the favorable NN layer 
for the µ-D data, only one or two layers shallow CNN, RNN or 
mixed structures are used. The identifed favorable NN layers 
can be connected for futher performance improvement in the 
future work. 

The rest of the paper is organised as the follows: Section II 
introduces the µ-D signature dataset generation; Section III de-
scribes the CNN, RNN and mix convolutional-recurrent models; 
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Section IV; and there is a conclusion in Section V. 

II. MMWAVE MICRO DOPPLER SIGNATURE 

A. Micro Doppler Effect 

According to [5], the µ-D effect, induced by micro-motions 
(vibration or rotation) of a target or structures on the target, can 
be derived from the theory of electromagnetic back-scattering 
feld. In this paper, we used a simplifed model to interpret the µ-
D phenomenon. Assume an object is moving with radial velocity 
v with respect to the radar. The Doppler shift fD induced by 
this object can be written as 

v 
fD = 2fc , (1) 

c 

where fc is the carrier frequency, c is the free-space propagation 
speed. When handling a complex target, which is composed of 
N moving parts and each moving part has distinguishable time-
varying motion status vi(t). 

Assume the refected signal from the ith part can be denoted 
j2πfDitby ri(t) = αis(t − τi)e . fDi is the Doppler shift caused 

by the ith moving part, αi and τi are the amplitude coeffcient 
the signal delay from the ith part. The refected signal of whole 
target on the receiver side can be considered as the sum of 
refections from all parts and the additive white Gaussian noise 
(AWGN) which is denoted by n in equation (2): X 

r(t) = ri(t) + n (2) 
i 

This assumption is more realistic for road users such as pedes-
trians or cyclists. As shown in Figure 1, the Doppler observation 
of the walking human is caused by the combined effect of the 
bulk torso rocking and partial rotations of legs and arms. The 
Doppler shifts of a cyclist can be considered as the result of 
the bulk human body, bike frame, quick spinning wheels and 
rotating legs. 

The receiving signal r(t) contains multiple Doppler (fre-
quency) components because of the complex target motion 
status. However, the Doppler shifts can not be directly observed 
from equation (2). Usually, short-time Fourier transform (STFT) 
is applied on the radar receiving signal r(t) to visualize the µ-D. 
The STFT of the receiving signal r(t) is shown as below: Z −∞ 

j2πftdtSTFT{r(t)}(τ, f) = r(t)w(t − τ )e (3) 
∞ 

where w(τ) is the window function, commonly a window 
centered around zero (e.g., Hann, Gaussian or Kaiser window). 
The STFT of the signal r(t) shows the distribution of energy 
in the two-dimension (2D) time-frequency space. Depending on 
the target motion status, this energy distribution varies so that 
different motions result in different energy distribution patterns. 
Thus, STFT can be used to recognize different types of road 
users based on the on-vehicle mmWave radar data. In addition, 
the real STFT pattern is infuenced by the orientation, distant 
and direction of the target with respect to the radar, as well as 
the operating frequency of the radar system. 

The result of the STFT operation is a 2D matrix with complex 
entries. In practice, the phase information of the entries are 

usually ignored, and the normalized logarithmic magnitudes of 
the entries in the 2D matrix are considered. They are called µ-
D signature and denoted by D. There are two ways to interpret 
the D. First, it can be treated as an image and convolutional 
models can be employed to recognize different µ-D signatures. 
Second, the D can be treated as a sequence. Each column of D, 
dti , corresponds to a Doppler detection at time ti. Then, the D 
can be recognized by using recurrent models. 

 

𝑣1𝑓𝐷1 

𝑠(𝑡) 𝑟(𝑡) 

mmWave 
Radar

Moving target
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𝑣𝑁𝑓𝐷𝑁 

𝑟1(𝑡) 

𝑟2(𝑡) 

𝑟𝑁(𝑡) 

Fig. 1. Walking pedestrian observed by the radar 

B. Micro Doppler Signature Simulation 
In this paper, a four-step procedure is developed to generate 

different µ-D samples of pedestrians and cyclists: 
• S1-target scattering modelling: For the pedestrian object, 
the stick man model in [15] is used, which is also used by 
Matlab® pedestrian backscatter signal function [16]. There 
are more moving parts in the cyclist object. The Matlab® 

backscatter radar signal function is used [17] to generate 
the cyclist model, which takes the number of spokes, gear 
transmission rates and pedaling status into account. 
• S2-trajectory generation: For both pedestrian and cyclist 
objects, the [Initial position, Heading, Speed] are defned 
to describe the trajectory. The detailed distribution of these 
parameters are in Table I. 
• S3-propagation modelling: Free space propagation model 
are used in both pedestrian and cyclist simulation. 
• S4-µ-D signature generation: The backscattered signal 
from either pedestrian or cyclist are fed to STFT to obtain 
the µ-D signature for recognition. The STFT parameters are 
listed in Table I. 

The setting of the simulation in this work are shown in Table I. 
where the overlap rate in Table I is defned as the ratio of 
window size and shift step size. 

Based on the parameters in Table I, the µ-D dataset can be 
generated that covers random factors such as, the objects size 
(impact radar RCS), moving orientation, initial position, moving 
speed etc. Thus, the trained neural network models will be 
more robust against the target variation. Totally, fve datasets are 
generated in this paper. They are described in detail in Section 
IV. The example Doppler signatures of a pedestrian and a cyclist 
are illustrated in Figure 2. 

III. OBJECTS CLASSIFICATION 

In this work, the vulnerable road users’ recognition is per-
formed based on convolutional neural networks (CNN), recur-
rent neural networks (RNN) and mixed convolutional-recurrent 
models. 



TABLE I 
µ-D SIGNATURE GENERATION SETTINGS OF THE PEDESTRIAN AND CYCLIST OBJECTS 

Pedestrian Cyclist 

Object properties Height U(1.5, 2) in m 
Spokes 

Gear rate 
pedaling 

36 
U(1, 10) in m/s 

Bern(0.5) 

Motion properties 
Initial position 

Heading 
Speed 

U([−10, 10][5, 45]) in m 
U(−180, 180) in degree 
U(0, 1.4 × height) in m/s 

Initial position 
Heading 

speed 

U([−10, 10][545]) in m 
U(−180, 180) in degree 
U(0.5, 6) in m/s 

Radio propagation 
propagation speed 
carrier frequency 

Bandwidth 

3 × 108 m/s 
24 GHz 

300 MHz 

propagation speed 
carrier frequency 

Bandwidth 

3 × 108 m/s 
24 GHz 

300 MHz 

STFT parameters 
window type 

FFT size 
overlap rate 

Kaiser 
200 
6 

window type 
FFT size 

overlap rate 

Kaiser 
200 
6 

Fig. 2. Illustration of the simulated µ-D samples of the pedestrian and cyclist 

A. Convolutional Model 

The CNN (also called feedforward NN) is introduced in 
[18]. It is a commonly used deep learning method in image 
classifcation and video recognition. Considering a CNN with 
L convolutional layers, a mapping relation f(X0; θ) : RN0 7→ 
RNL exist between the input layer and the last convolution layer 
where N0 > NL due to the shared weights in convolution step 
and pooling that makes signifcant reduction in the number of 
weights. 

The lth layer rl depends on both the output of (l − 1)th 

layer and a set of weights θl belonging to θ = {θ1, ..., θL}, 
denoting the set of all parameters of the L layers of the network. 
The mathematical operation in a local receptive feld of the lth 

convolution and activation layers can be described as: 

fl(Xl−1; θl) = δ(ZlXl−1 + bl) (4) 

where Zl ∈ RKl×Kl , with Kl the size of the kernel window, 
that is applied as a sliding window on the local areas of Xl−1. 
bl ∈ RNl , is the bias in the lth layer and δ(·) is called activation 
function that induces non-linearity into the features. After the L 
layers of deep extracted features, there are the decision layers, 
where the features similarity into the classes are quantifed. For 
example, as probabilities for assigning the features into one of 
the classes. 

Usually the last layers include a fully connected layer (FCL). 
In order to train the network, to fnd the optimum weights, a loss 
function for minimisation or a performance for maximisation 
is used. Considering the vector of image labels as Y and the 

predicted labels as Ŷ , then the loss function for CNN can be 
defned as: 

SX1 
Loss(θ) = loss(ŷi, yi) (5)

S 
i=1 

where S is the size of the training dataset. The goal of the 
training process is to fnd out the values of the parameter set θ 
that minimizes the Loss(θ). The metric of the loss function can 
be mean equared error (MSE) or categorical crossentropy (CC). 
The most popular training process method is stochastic gradient 
descent (SGD) [19]. In the work, the input data sample X0 for 
training is the 2D µ-D signature D from STFT. Only two simple 
CNNs are used to test the availability of µ-D recognition in 
this paper: one-layer and two-layer CNN. The dense layer type, 
activation function and loss function used in the two CNNs are 
list in Figures 3(a) and (b). 

B. Recurrent Model 

Recurrent neural network (RNN) is another deep learning 
architecture that process the sequences of the data by using 
feedback connections. For example, it is used for analysis of 
time-series such as the speech and video data. The instant 
Doppler detection in the µ-D signatures can be considered as 
one time instance of a sequential event. RNN keeps track of 
temporal dependencies in the input sequences. 

In this paper, the long short-term memory (LSTM) [20] is 
used for analysis of the µ-D signatures as time-series data. 
A LSTM consists of a cell (c for cell, g for cell candidate) 
and three regulators called input gate (i), output gate (o) and 
forget gate (f ). The trainable weights of LSTM layers are 
input weights W = [Wi,Wf ,Wg,Wo]

T , the recurrent weights 
R = [Ri, Rf , Rg, Ro]

T and the bias b = [bi, bf , bg , bo]
T . 

Assume the input time sequence is X, ht and ct are the output 
(or hidden) state and cell state of the time step t. The update 
of cell and output states can be described as follows: 

ct = ft ◦ ct−1 + it ◦ gt (6) 
ht = ot ◦ σc(ct) (7) 

where ◦ denotes the element wise product of vectors, σc denotes 
the state activation function. h0 and c0 are initialized to 0. 



The update of the gates and cell candidate can be described 
as follows: 

[it, ft, gt, ot]
T = Σ ◦ (W ◦ xt + R ◦ ht−1 + b) (8) 

where Σ = [σg, σg, σc, σg]
T is the activation vector, and σg 

is the gate activation function, and [·]T is the transposition of 
vector. In the RNN context, the input time sequence X for 
training is µ-D signature D obtained from STFT. The column 
vector dt in D is the time sequence status at time t which 
corresponds to xt in (8). In this paper, a simple shallow one-
layer LSTM NN as shown in Fig. 3(c) is used to demonstrate 
the capability of recurrent models. 

Fig. 3. One-layer CNN (a), two-layers CNN (b) CNN, (c) One layer LSTM 
and (d) CNN-LSTM structures used for mmWave µ-D signature recognition 

C. CNN-LSTM Model 

The convolutional model is good at representing the spatial 
features and recurrent model is good at revealing the temporal 
feature of the input data. Thus, a CNN-LSTM model is devel-
oped by connecting the features of the early layers of CNN 
to the LSTM network. Therefore, the model beneft from both 
sequential deep spatial features and LSTM temporal features for 
analysis of the mmWave radar µ-D signatures of vulnerable road 
users movements. For this aim, the input of the LSTM network 
shown in Fig. 3(c) is connected to the CNN—the ”convolutional 
layer” in Fig. 3(a)—and re-trained. The CNN-LSTM network 
as shown in Fig. 3(d). 

IV. RESULT AND DISCUSSION 

A. Dataset Description 

In this paper, fve datasets are created to train the CNN, LSTM 
and CNN-LSTM models. The main difference between the 

datasets is the duration of the µ-D signature samples as shown in 
Table II. The duration of the µ-D is indicated by the number of 
the time bins of D. Each dataset contains 25000 labelled samples 
that covers fve road scenarios: single pedestrian (1 ped), single 
cyclist (1 cyc), two pedestrians (2 ped), two cyclists (2 cyc), one 
pedestrian & one cyclist (ped+cyc). In the Section IV-B below, 
80% of randomly sampled data are used as training set and the 
rest 20% samples are used as testing set. Example samples of 
the fve cases are shown in Fig. 4. 
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Fig. 4. Example of 2-second duration of Doppler signature sample (400×144 
pixel image) of the fve road user cases in Set-4 

Each µ-D signature example in Fig. 4 contains 400 Doppler 
(frequency) bins and 144 time bins. In the Section IV-B, 
different numbers of time bins are considered to test the impact 
of Doppler recording duration on the recognition performance. 

B. Pedestrian and Cyclist Recognition 

1) One- and two-layer CNN Performance using Set-4: In the 
convolutional layer of the one-layer CNN, 16 2D feature maps 
of size 10×10 are used. This is followed by applying a rectifed 
linear unit (ReLU) activation and 10 × 10 max pooling layers. 
In the case of the two-layer CBNN, the frst convolution layer 
uses the same number and type of flters as the one-layer CNN, 
while the second convolutional layer uses 32 flters of size 5×5 
followed by ReLU activation and 5 × 5 average pooling layers. 
Regarding the output, both the one- and two-layer CNN use 
the combination of fully connected, softmax and classifcation 
layers. The overall recognition accuracy of the One- and two-
layer CNNs are 0.8426 and 0.9202 and the confusion matrices 
are shown in Fig. 5 (a) and (b) revealing that the increased 
convolutional layer boosts the performance signifcantly. 

2) One-layer LSTM Performance with Set-4: In this paper, 
a bidirectional LSTM layer is used. The output layers are the 

TABLE II 
FIVE DATASETS USED FOR MODELLING AND TEST EXPERIMENTS 

Dataset Set-1 Set-2 Set-3 Set-4 Set-5 

Duration 0.5 sec 1.0 sec 1.5 sec 2.0 sec 
time bins 36 72 108 144 N (72, 14) 

http:ped+cyc).In


(a) One-layer CNN recognition accuracy

0.911
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0

0
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0.098

0.001
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(b) Two-layer CNN recognition accuracy
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0
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(c) One-layer LSTM recognition accuracy
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(d) CNN-LSTM recognition accuracy
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Fig. 5. Confusion matrixes of (a) one-layer CNN, (b) two-layer CNN, (c) 
one-layer LSTM, (d) CNN-LSTM model for pedestrian and cyclist target 
recognition. All models are trained in 60 epochs iterations with 2 second 
duration Set-4. The LSTM layers in (c) and (d) are using 400 HUs. 

same as the CNN models setup. The recognition accuracy of 
the single layer LSTM model with 400 hidden units is 0.8218, 
shown as the confusion matrix in Fig. 5 (c). For the LSTM NNs, 
the number of the HUs impacts the recognition performance. In 
Table III, we show how the increase in the HUs improves the 
performance of the LSTM. 

TABLE III 
SINGLE LAYER LSTM PERFORMANCE WITH DIFFERENT NUMBER OF 

HIDDEN UNITS FOR 2 SECOND DURATION SET-1 

Number of HUs 50 100 200 400 

One-layer LSTM accuracy 0.7780 0.8044 0.8166 0.8218 

3) CNN-LSTM Model Performance on Set-4: In this CNN-
LSTM model, the µ-D sample is frst fed to a convolutional layer 
which has been similarly used in the one-layer CNN. Then, the 
output of the previous layer are fed to the LSTM layer which 
has 400 HUs. The overall recognition accuracy of the CNN-
LSTM model reaches to 0.8686. The confusion matrix is shown 
in Fig. 5(d). 

4) Recognition with different µ-D durations: Using the 2-
second µ-D samples in Set-4, all the convolutional, recurrent 
and CNN-LSTM models achieve over 80% recognition accu-
racy. However, short reaction time is already a favorable feature 
in the road traffc scenarios. Thus, the performance of the 
models is tested when using different µ-D sample durations for 
Set-1 to 4. The same network layer structures and training setups 
as the previous sections are used. 

From Table IV, it can be observed that the longer µ-D 
signature duration resulted in higher recognition accuracy in 
general. However, the conclusion is not always stand, due to the 
capability of the shallow NNs. For example, the performance of 
2-second duration Set-4 drop in both one-layer CNN and one-

TABLE IV 
CLASSIFICATION PERFORMANCES OF ONE- AND TWO- LAYER CNN, 

ONE-LAYER LSTM AND CNN-LSTM MODELS USING DIFFERENT µ-D 
SIGNATURE DURATIONS 

Set-1 
0.5 sec 

Set-2 
1.0 sec 

Set-3 
1.5 sec 

Set-4 
2.0 sec 

One-Layer CNN 0.8288 0.8544 0.8726 0.8426 
One-Layer LSTM 0.7608 0.7810 0.8302 0.8040 
Two-Layer CNN 0.8710 0.9042 0.9158 0.9202 
CNN-LSTM 0.8106 0.8172 0.8480 0.8686 

TABLE V 
CLASSIFICATION PERFORMANCES OF ONE- AND TWO-LAYER CNN, 

ONE-LAYER LSTM AND CNN-LSTM MODELS ON SET-5 

1L CNN 1L LSTM 2L CNN CNN-LSTM 

Accuracy 0.8166 0.6224 0.8528 0.8212 

layer LSTM cases. That is because the single NN layer may not 
be able to cope with both spatial and/or sequential features of 
the long µ-D data. Due to their deeper structure, the two-layer 
CNN and CNN-LSTM models can handle the long duration data 
well, as shown in Table IV. 

5) Recognition accuracy in random µ-D sample duration: 
In the previous sections, the recognition performances were 
evaluated by using the Set-1 to 4 that contain uniformed µ-
D sample durations, which are not common in practice. This 
section will evaluate the models using Set-5 that contains µ-
D samples with random durations. The recognition accuracies 
are shown in Table V using the same network structures and 
training setups in the previous experiments. 

From the result in Table V, we can clearly see that the 
performance of the one-, two-layer CNN models and one-layer 
LSTM model drop by 4 ∼ 6%, 5 ∼ 6% and 14 ∼ 20% 
respectively when comparing the fx duration datasets (e.g., Set-
2, Sect-3). While the CNN-LSTM model shows improvement 
when comparing with the Set-2 and only around 1% drop when 
comparing with Set-3. Also, with further optimization of the 
convolutions layers and length of the HU, the CNN-LSTM is 
expected to outperform other models meanwhile demonstrates 
robustness to the randomness of the µ-D duration. 

C. Discussion 

The following brief summary indicates the pros and cons of 
aforementioned models and potential problems in practice. 

1) Convolution model: from the recognition accuracy results 
in Fig 5(a) and 5(b) and Table IV, it is concluded that despite of 
the additional complexity to the model, increasing the number 
of layers positively improves the performance. In addition, the 
performance drop of one-layer CNN model in the case of the 
2-second duration dataset shown in Table IV, is the evidence 
that the number of convolutions layers is more important for 
longer time periods signals and deeper features are required in 
these cases. 

2) Recurrent model: The results in Fig. 5(c) and Table IV 
show that the recognition accuracy of the one-layer LSTM 
model is not as high as one-layer CNN due to the lack of spatial 



feature representation. However, it shows some level of robust-
ness for longer durations of the µ-D samples. Furthermore, As 
shown in Table III, the number of the hidden unites is a key 
factor for recognition capability of the longer µ-D sequence. 

3) CNN-LSTM model: The CNN-LSTM model takes the 
advantage of the spatio representation of 2D µ-D samples from 
the convolutional layer and temporal feature from LSTM layer. 
Thus, this model shows robustness for µ-D datasets with the 
dataset of random µ-D sample duraions, which is a promising 
sign for practical applications. 

4) Potential problems in practice: The current work is 
conducted based on the simulation µ-D datasets. Though the 
simulation datasets provide diverse variables for testing the 
strengthen and weakness of different models, there are other 
factors which are diffcult to be include in the simulation data. 
For example, the noise and interferences of the refections from 
other road participants. In the simulation dataset, every µ-D 
sample is a well segmented event for training and testing. In 
the practical µ-D stream, specialized event detection mechanism 
need to be designed to make sure correct µ-D samples are taken 
for training. 

V. CONCLUSION 

In this paper, a simulation study of µ-D signatures of vulner-
able road users (pedestrian and cyclist) was carried out. In the 
absence of µ-D data from road trials, the simulation dataset is 
still valuable for developing and testing the objects recognition 
methods. CNN, LSTM and CNN-LSTM models are tested for 
different road scenarios and varying Doppler record duration. 
The preliminary results show that the pedestrian and cyclist µ-
D signatures originated from the mmWave is distinguishable 
with even shallow one or two layers neural networks. In general 
the two-layer convolutional models out performs the recurrent 
model (LSTM in this paper). However, it is sensitive to µ-D 
signature duration. This fact is against the requirement of agile 
response in the urgent situation. The LSTM recurrent model 
presents stability over different µ-D durations. The CNN-LSTM 
model combines merits from both convolutional and recurrent 
models, especially in the case of random duration µ-D samples 
in practical situations. 
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