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Abstract: In the Internet of Things (IoT) scenario, many devices will communicate in the presence of the cellular network; the chances of availability of spectrum will be very scary given the presence of large numbers of mobile users and large amounts of applications. Spectrum prediction is very encouraging for high traffic next-generation wireless networks, where devices/machines which are part of the Cognitive Radio Network (CRN) can predict the spectrum state prior to transmission to save their limited energy by avoiding unnecessarily sensing radio spectrum. Long short-term memory (LSTM) is employed to simultaneously predict the Radio Spectrum State (RSS) for two-time slots, thereby allowing the secondary node to use the prediction result to transmit its information to achieve lower waiting time hence, enhanced performance capacity. A framework of spectral transmission based on the LSTM prediction is formulated, named as positive prediction and sensing-based spectrum access. The proposed scheme provides an average maximum waiting time gain of 2.88 ms. The proposed scheme provides 0.096 bps more capacity than a conventional energy detector.
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1  Introduction

Demand for spectrum is expected to increase drastically in the next-generation wireless network, which is expected to support extremely high data rates and more numbers of connected devices. Conventional static spectrum allocation policies can no longer provide substantial improvement due to the inefficient use of the wireless spectrum [1]. Federal Communication Commission (FCC) reported [2] that majority of the spectrum allocated to licensed users remains underutilized at any given time and location. To solve the contradiction between spectrum scarcity and spectrum under-utilization cognitive radio network (CRN), which allows unlicensed user/secondary users to opportunistically access the spectrum in such a way that it does not cause any harmful interference to the licensed user/primary user [3,4] evolved. The first step towards realizing Cognitive Radio (CR) requires the Secondary User (SU) to sense the radio spectrum state (RSS), which consumes a considerable amount of time and energy. This can be eliminated with the introduction of spectrum prediction, which forecasts future channel states based on historical information [5]. Spectrum prediction finds many potential applications in future wireless networks such as Cooperative Relay Network (CRN), smart grid, 5G network, and IoT devices. Spectrum prediction techniques based on different methods like Linear prediction Auto-Regressive (AR), Moving Average(MA), Auto-Regressive Moving Average(ARMA), Autoregressive Integrated Moving Average (ARIMA) models [6–8], Markov models based models [9–12] have been carried out. However, the majority of the existing work is based on conventional statistical techniques or shallow models to predict the spectrum state. Deep Learning (DL), a branch of machine learning inspired by the human brain, fuelled by more available computing power, has shown excellent performance in image classification, target recognition [13], natural language processing [14]. However, in DL, not all architecture is suitable for all applications.

Recurrent neural network (RNN) is one such architecture suitable for time series data, which is, in this case, for spectrum prediction. RNN suffers from vanishing and exploding gradients. Therefore, Long Short Term Memory (LSTM), an improved version of RNN, was introduced to overcome the above-said disadvantage. LSTM has been employed in [15,16], to predict the spectrum state. The primary objective of spectrum prediction is to enhance the throughput of SUs. Authors in [5] propose a redesigned frame structure that incorporates spectrum prediction, such that they select only those channels for prediction, which are predicted to be free. In [17], spectrum prediction and channel selection strategy based on online learning techniques are proposed. Authors in [18] propose a prediction and sensing-based spectrum sharing model where cooperative spectrum prediction is employed. However, it uses a conventional statistical method for signal and its arrival. It employs Multi-layer perceptron (MLP), which is unsuitable for historical dependencies and ineffective for time series data. In [19], authors use LSTM for prediction-based spectrum access, optimal sensing interval, which is used as output length of LSTM for each channel is computed for each channel individually makes implementation complex in real-time due to random nature of radio spectrum. Authors in [20] proposed a hybrid approach combining Bayesian and Exponential Weighted Moving Average (EWMA) approaches for spectrum hole prediction, which is based on the classical approach. In [21], the authors conduct a detailed survey of spectrum prediction in a cognitive radio network. There are few software-defined radio-based works for spectrum sharing [22–25]. CNN architecture has been used recently to solve object detection, identification and classifications [26,27]. But LSTM is used to solve the time series problem, which is utilized in this work. There are few spectrum prediction works [28,29]. A deep neural network called Residual network and Channel and Spatial attention modules (RCS) with Gated Recurrent Unit network(RCS-GRU) is presented [28] for detecting occupancy correlation of different frequency channels by the PU. It also predicts the spectrum occupancy of the future next time slot. A Hybrid Spectrum Access with Spectrum Prediction and Cooperation (HSA-SPC) is proposed [29] with spectrum prediction to improve the throughput of Cognitive users. The multiuser environment is considered and closed-form expression for the throughputs derived. But there is no substantial work on using spectrum prediction results to allow access to the spectrum based on real-world data.

Contribution: We develop a framework, namely Positive Prediction and Sensing Based Spectrum Access (PPSBSA), by employing Encoder-Decoder LSTM to predict for two-time slots simultaneously and use the prediction result to help Secondary User (SU) achieve lower waiting time and hence higher capacity.

The remainder of this paper is organized as follows: In Section 2, the system model describes the model as a physical entity that discusses the construction of the data set, the frame structure for secondary users. Section 3 consists of the proposed Positive Prediction and sensing-based spectrum access (PPSBSA) framework. Section 4 discusses LSTM in a quite elaborate manner. Section 5 lists the parameters used in the evaluation. Finally, Section 6 has experimental results in the form of graphs and tables, followed by a conclusion in Section 7.

2  System Model

The architecture consists of a Secondary user transmitter node (SU-T), which acts as a device in a cognitive radio network (CRN) based cellular network where devices work as the secondary user (SU). In contrast, cellular-based users are the primary user (PU). SU-T can convey information with multiple devices (SU-R1, SU-R2, SU-R3, and SU-R4). Two support nodes, transmit node one and send node two, are assigned to SU-T to help in the transmission of SU-T. In this work, the prediction of the spectrum state is carried out for two-time slots; therefore, each node TN-1 and TN-2 will transmit information to two receiver nodes. For example, TN-1 will transmit to SU-R1 and SU-R2, whereas TN-2 will transmit to SU-R3 and SU-R4.

It is assumed that SU-T distributes information to both nodes before its transmission to receiver nodes via some wired network. Both the nodes are allocated N numbers of spectrum points, which are distinct to avoid interference. Both nodes transmit in a parallel fashion such that at (t + 1),the slot TN-1 transmit to SU-R1, TN-2 transmits to SU-R3, while at (t + 2),the slot TN-1 transmits to SU-R2 and TN-2 transmits to SU-R4. Receiver nodes are aware of the spectrum points allocated to nodes through some information exchange.

Spectrum prediction is to predict the spectrum state in the next slot by mining the internal relationship of historical spectrum data. That is given spectrum measurement data (in terms of PSD) for current time slot t and previous time slots, Xt-4, Xt-3, Xt-2, Xt-1, Xt is fed as input to Encoder-Decoder LSTM network which has been trained to discover the internal relationship. Then the output of Encoder-Decoder LSTM is the prediction of PSD values for t + 1 and t + 2 slots. The Fig below shows dataset construction for a single spectrum point.

From Fig. 2, for each spectrum point, both nodes are trained on 100 s of such input sequences (Ii) and corresponding label (Oi), where i = 1, 2, 3,…K, where K is a total number of sequences that are fed to Encoder-Decoder LSTM to train and discover internal relationship so that the network predicts the spectrum state for next two slots when fed with any unseen sequence Iu where u ∉ K. Data set for each spectrum point for which prediction is carried out is shuffled in advance and thereby divided into training set and test placed to avoid sample distribution imbalance. Similarly, both nodes are trained for all distinct N spectrum points allocated to them.

As shown in Fig. 1, the nodes have a single antenna such that it first predicts allocated spectrum points then senses only that spectrum point, which is predicted to be free (Positive), not for busy/occupied (Negative). At (t + 1),the slot data is transmitted by TN-1 and TN-2 to SU-R1 and SU-R3, respectively. For a particular scenario, let the status of spectrum points as predicted and sensed during 1st slot be given by Tab. 1.
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Figure 1: Architecture of proposed framework
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Figure 2: Dataset construction for single spectrum point

Frame structure corresponding to Tab. 1 is given as shown below

In Tab. 1, SP 1.1682.4 denotes 1st time slot 1682.4 MHz spectral point. In general, SP i,k denotes ith time slot on k MHz spectrum point. Fig. 3 Shows the frame structure of transmission for the scenario given in Tab. 1, where two transmission slots are not utilized for data transmissions because, as for Tab. 1, prediction and sensing do not give positive results. But the third spectral point in Tab. 1 provides both sensing and prediction positive results. So that is utilized for data transmission.
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Figure 3: Frame structure for the scenario given the Tab. 1

From Tab. 1, we can observe that sensing is carried out for 1682.4 SP as the prediction is Positive. However, sensing is Negative; therefore, it moves ahead and senses 1688.6 MHz SP. Since the forecast for 1686.2 MHz is negative, both prediction and sensing for 1688.6 MHz SP are Positive. Nodes perform prediction of SPs in chronological order as allocated to them; sensing is only shown if the forecast is Positive for the same. Nodes use the energy detection method to sense the spectrum where PSD is compared with the threshold to decide whether PU is present. In Tab. 1, only the status of some spectrum points is shown for the representation purpose of the PPSBT framework and is not the actual number of spectrum points allocated to nodes.

Similarly, at (t + 2),the slot data is transmitted by TN-1 and TN-2 to SU-R2 and SU-R4, respectively. Considering a particular scenario, let the status of spectrum points as given by the PPSBSA framework during 2nd slot be provided, as shown below.

Frame structure corresponding to Tab. 2 is given by, as shown below:
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From Tab. 2, 1686.2 MHz spectral points provide a positive result for prediction as well as sensing, so immediately, the spectral point of the second frequency is used for data transmission, as shown in the frame structure in Fig. 4.
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Figure 4: The frame structure for the Tab. 2 scenario

Here since the prediction for 1682.4 MHz, SP is negative; hence directly, 1686.2 MHz SP is sensed and found to be positive.

3  Positive Prediction and Sensing Based Spectrum Access (PPSBSA) Framework

Framework, as described above in Fig. 5, uses spectrum prediction results for transmission. For simulation, spectrum prediction is performed on a testing sequence (I) that is not part of the training set. The input sequence (l) and the corresponding label (O) used for the prediction can be visualized as a real-time sequence. When fed to the LSTM network trained with the training set, the testing sequence I produce a forecast for two slots ahead O’. In real-time, spectrum sensing is performed to determine whether the prediction is correct or not; however, in simulation, we compare O’ with O to determine whether the prediction was accurate, where O is regarded as a sensed value.
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Figure 5: Positive prediction and sensing-based spectrum sharing framework flow chart

The above model consists of 3 steps; during step-1 the training set [Ii->Oi] is fed to train the Encoder-Decoder LSTM network so that model is built


H=T[Ii→Oi],i=1,2,3,…K.
(1)

Here T designates the training of the LSTM network with a total K sequence, and H is the Encoder-Decoder LSTM network, which has been trained to discover internal relationships and predict the spectrum state for the next two slots. During step-2 the testing sequence I is fed to the trained Encoder-Decoder LSTM network designated by H, which results in prediction values for two slots ahead given by


Ot′=H[I],t=1,2.
(2)

Finally, in step-3, the label corresponding to the testing sequence (I), It is compared with the prediction result Ot’. Moreover, t = 1, 2, is used to represent spectrum prediction for 1st and 2nd slot. Based on the above, there can be four cases.

Tab. 3 shows the possible outcome after the LSTM network outcome in comparison with the actual spectrum state Qt. If the predicted outcome O, t and actual outcome Qt is less than the threshold, the net outcome is declared as positive “P”. If any of the outcomes is greater than the threshold the corresponding net outcome is declared as negative “N”.
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4  LSTM Network for Spectrum Prediction

A recurrent neural network (RNN) is validated to solve time series problems. However, they fail to handle ‘long term dependencies,’ this problem was explored in detail by Hochreiter (1991) and Bengio et al. (1994). In 1997, Hochreiter & Schmidhuber introduced long short term memory (LSTM), a special kind of RNN which are capable of learning long term dependencies. The key to LSTM is the cell state with information being added or removed from the cell state through three gates, namely the input gate, forget gate, and output gate.

The first gate that we refer to is forgotten; it decides what information will be discarded from the cell state. The sigmoid layer determines by outputting a number between 0 and 1. 1 means to retain the information entirely and 0 means to get off the information.


ft=σ(Wxf.xt+Wsf.st−1+bf)
(3)

The input gate which decides whether which values to update, using sigmoid layer.


it=σ(Wxt.xt+Wst.st−1+bt)
(4)

Additionally, tanh layer creates a vector of new candidate values, which is combined with the input gate to update the cell state and thereby cell state is given by,


ct′=tanh(Wxc.xt+Wsc.st−1+bc)
(5)


ct=it∗ct′+ft∗ct−1
(6)

Moreover, the output gate and hidden state are given as,


ot=σ(Wxo.xt+Wso.st−1+bo)
(7)


st=ot∗tanh⁡(ct)
(8)

4.1 LSTM Encoder-Decoder Architecture

In this work, encoder-decoder, LSTM, is used since the forecasting of spectrum state is carried out for two-time steps into the future. Encoder-Decoder LSTM as shown in Fig. 7 was developed for natural language processing, particularly in areas of text translation, where it has proven to be excellent.

The Encoder layer consists of LSTM memory cells (as shown in Fig. 6) which takes PSD values as input; the cell state and hidden state of the last memory cell (M is the total LSTM memory cells) in the encoder are fed as the initial cell state and hidden state respectively to the first memory cell in the decoder LSTM network. Each LSTM memory cell produces an output that is fed as input to the next LSTM sequentially since the regression-based prediction is used; hence dense layer is used in the output layer.
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Figure 6: Structure of an LSTM cell memory
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Figure 7: Encoder-Decoder LSTM architecture

5  Evaluation Metrics

Here in this section, different metrics/parameters related to the experimental evaluation are discussed.

5.1 Waiting Time

Waiting time (WT) is defined as the time elapsed between the beginning of the timeslot and actual data transmission. Mathematically waiting time for 1st timeslot is given as follows:


WT(1)=Tp+∑i=1N⁡Ts,i[SP1,i=P]
(9)

For second slot WT is given by


WT(1)=Tp+∑i=1N⁡Ts,i[SP2,i=P]
(10)

Eqs. (9) and (10) are identical except single literal, which make waiting time for either 1st or 2nd-time slot. Here i is the specific spectrum point in chronological order as allocated to nodes. For example, from Tab. 1, for 1682.4 MHz, i is 1, and for 1686.2 MHz, i is two and so on. TP is the time required to predict the status of N spectrum points in a parallel manner. Ts,i Is sensing time of the ith spectrum point and is equal to Ts when the prediction is positive (condition inside square bracket) else it’s 0. Waiting time depends on the real-time availability of the radio spectrum. That is only if both prediction and sensing are positive only then the user can access the given time slot; however, if the forecast is favorable and sensing is negative, it will lead to increased waiting time and reduced C and hence termed a false prediction (FP).

If FP = j, it means j number of times (j < N) the prediction was found to be positive while sensing was negative, and node access the spectrum by (j + 1)the time. Based on this, the generic formulae for waiting time is given as:


WT=Tp+Ts(j+1)
(11)

From Eq. (11), it is evident that the time wasted for unnecessarily spectrum sensing is,


W=Tsj
(12)

5.2 Classification Accuracy

To evaluate the classification accuracy, the PSD values are converted into binary values. This conversion takes place according to threshold levels if PSD values are greater than threshold values, then the corresponding PSD value is set as 1 (indicating the presence of the primary user) else 0.


CA=1N∑t=1N⁡(Bt)
(13)

where Bt = 1, when the predicted channel state and real channel state are the same (occupied or idle), else it is 0.

5.3 Capacity

Combining Eqs. (9), (10). Capacity is given as


CAPACITY(C)=(T−WT)Tlog2(1+SNR)
(14)

Signal-to-Noise Ratio(SNR) is used to calculate the capacity.

6  Experimental Setup and Performance Analysis

Spectrum data from the RWTH Aachen University spectrum data measurement campaign [22] is used. Correctly, the band 1876–1886 MHz is used. The 10 MHz bands are intentionally selected since it consists of spectrum points with different and unique occupational status to emulate real-world scenarios.

The resolution bandwidth is set to 200 KHz. 3-fold cross-validation for the 1st and 2nd-time slot for each spectrum point is computed. The mean accuracy for the 1st and 2nd slot is shown in Fig. 8 and Fig. 9 respectively.
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Figure 8: Mean accuracy for (t + 1) th slot
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Figure 9: Mean accuracy for (t + 2) th slot

The entire spectrums are grouped into five groups. In each group, 5 spectral points are considered. Any transmitting node will be allocated one spectrum point group on which the node may employ sensing and prediction for data transmission.

It is quite evident that in both cases, the mean accuracy of each SP is quite similar. The mean of ‘mean accuracy’ for 1st and 2nd-time slots are 0.9177 and 0.9167, respectively. Each node (TN-1 and TN-2) is allocated a particular Spectrum Point Group (SPG), which consists of 5 spectrum points. In Tab. 4, in each group, five spectrum points are shown in proper chronological order in terms of the order in which nodes access them.
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As explained earlier, spectrum points with different occupational patterns are considered to study their impact on waiting time. In the radio spectrum, the status of occupancy of spectrum points at a given time in any band is dynamic. However, the occupancy does depend on the historical occupational status to a large extent. Therefore, the probability statistics of each spectrum point are essential to be computed.

Using Tab. 5 for each spectral point, the probability of occupancy and ideal can be interpreted. Using those probabilities, the transmitting node may check the spectral point for use, which selects the spectrum which has the highest probability of idle and lowest probability of occupancy. This probability-based checking reduces the time for the selection of transmission frequency and improves performance.

[image: images]

Each node is assigned a group of five spectrum points, which are selected such that it emulates the possible scenarios in the real world, SNR at SU is considered to be 20 dB.

Based on the groups mentioned above, an experiment was conducted for each group individually. The time required to predict five spectrum points is 3.7 msec (Tp), while the time needed to sense each time slot is given as 2.6 msec (Ts) [5]. Waiting for time and capacity for each time slot are computed from Eqs. (9), (10) and (14). The proposed PPSBSA framework from here on will be referred to as the Proposed framework (PF).

Tabs. 6, 7 provides computation of waiting time and throughput for the first and second-time slot, respectively. The waiting time and average capacity for the proposed method are compared with the conventional energy detector sensing method of energy detector.
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From Tabs. 6 and 7, it is evident the average waiting time and capacity achieved by the proposed system is almost the same as the conventional energy detector sensing method, which proves that even though the proposed system is complex, it takes only the same complexity low complex algorithm of energy detector.

CS stands for conventional sensing, which is the energy-based detector. To emulate real-time scenarios as discussed earlier, both the nodes are allocated a particular spectrum point group. Therefore, we consider the combination of all the groups assigned to both nodes.

6.1 Comparison of Performance

The proposed method performance is compared with conventional low complex energy detectors. The waiting time and the capacity achieved performance metrics are used.

In Tab. 8 N-1, N-2 represents transmission nodes 1 & 2 and the waiting time of nodes 1 & 2 for the proposed scheme and the conventional scheme is recorded under N-1 and N-2 columns.
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From the above Tab. 8, it is very evident that the proposed PPSBSA has a waiting time lower energy detection based on Conventional Sensing. Authors in [5] considered energy detection-based spectrum sensing since it is efficient and faster than many spectrum sensing and therefore been considered to compare with the proposed framework. On average, the waiting time is lesser for the PPSBSA framework by 0.1134 msec for 1st slot and by 2.887 msec for 2nd slot.

Specifically, when nodes are allocated those spectrum points which have a higher probability of being occupied, the proposed PPSBSA framework is quite better when to compared with conventional sensing, as evident from Tabs 6 and 7 (Looking at spectrum point groups of 4 and 5). Therefore, this framework will be beneficial for D2D, M2 M communication, wherein devices and machines are part of a secondary network that uses the spectrum of the primary user network (cellular network) where more spectrum is occupied for the most amount of time. Based on Tab. 8, the achievable capacity was calculated.

7  Conclusion

Owing to new diverse applications (like M2 M, V2Vcommunications) in next-generation wireless networks, the availability of spectrum is slated to be scary since a large part of the available spectrum will be reserved for the cellular network-based user (primary user). This work proposes Positive Prediction and Sensing Based Spectrum Access (PPSBSA) to predict the Radio Spectrum State (RSS) for two-time slots, thereby reducing the time required for sensing the spectrum. Results show nodes employing the proposed framework achieve lesser waiting time, especially when the spectrum point has a higher chance of being occupied, the margin is even higher. Therefore, this proposed framework is suitable for next-generation wireless networks wherein diverse IoT applications can satisfy their need for spectrum. In future research can be carried out on training LSTM, correlation of specific time, and occupancy.
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Table 1: Status of spectrum points during 1st slot as predicted and sensed by TN-1 or TN-2
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Table 3: Possible cases for predicted spectrum state and actual spectrum state

Case O’ (predicted spectrum state) O; (Actual spectrum state) = Remark
Ot O
1 O’ < threshold O< threshold P P
2 O’ > threshold O < threshold N P
3 O’ < threshold O, > threshold P N
4 O’ > threshold O, > threshold N N
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Table 8: Waiting time comparison with conventional low complex energy detector algorithm (in msec.)

Scen-ario SPG allocated to Nodes Node 1 Node 2

N-1 N-2 PF CS [5] PF CS [5]
1 1 2 8.9 52 8.9 52
2 1 3 8.9 52 8.9 19.067
3 1 4 8.9 52 8.9 15.6
4 1 5 8.9 52 9.766 7.8
5 2 3 8.9 52 8.9 19.067
6 2 4 8.9 52 8.9 15.6
7 2 5 8.9 52 9.766 7.8
8 3 4 8.9 19.067 8.9 15.6
9 3 5 8.9 19.067 9.766 7.8
10 4 5 8.9 15.6 9.766 7.8
Avg - - 8.9 9.013 9.246 12.133
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Table 6: Waiting time and throughput for (t + 1)™ slot (First-slot)

SPG  Average Waiting Time (WT)(msec)

Average Capacity (C) (bits/sec/Hz)

PF CS PF CS
1 6.3 2.6 6.238 6.484
2 6.3 2.6 6.238 6.484
3 6.3 8.667 6.238 6.080
4 6.3 7.8 6.238 6.138
5 7.166 4.333 6.180 6.369
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Table 4: Spectrum points group and corresponding spectrum points

Spectrum Point Group (SPG)  Spectrum Points in chronological Order (in MHz)

1 1885.2, 1885.4, 1876.4, 1877.2, 1877
2 1885.6, 1885.8, 1876.6, 1877, 1881.6
3 1876.8, 1876.2, 1876, 1885.8, 1886
4 1877, 1876.2, 1885.6, 1885.8, 1886
5 1880.2, 1882.8, 1878.8, 1886, 1885.8
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Table 9: comparison of Capacity with conventional energy detector

Scenario SPG allocated to Nodes N-2
N-1 N-2 PF CS PF CS

1 1 2 6.361 6.484 6.361 6.484
2 1 3 6.361 6.484 6.361 6.023
3 1 4 6.361 6.484 6.361 6.138
4 1 5 6.361 6.484 6.332 6.398
5 2 3 6.361 6.484 6.361 6.023
6 2 4 6.361 6.484 6.361 6.138
7 2 5 6.361 6.484 6.332 6.398
8 3 4 6.361 6.023 6.361 6.138
9 3 5 6.361 6.023 6.332 6.398
10 4 5 6.361 6.138 6.332 6.398
Avg - - 6.361 6.357 6.349 6.253
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Table 7: Waiting time and throughput for (t + 2)™ slot. (Second-slot)

SPG  Average Waiting Time (WT)(msec) Average Capacity (C) (bits/sec/Hz)

PF CS PF CS
1 2.6 2.6 6.484 6.484
2 2.6 2.6 6.484 6.484
3 2.6 10.4 6.484 5.965
4 2.6 7.8 6.484 6.138
5 2.6 3.467 6.484 6.427
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Table 2: Status of spectrum points during 2" slot as predicted and sensed by TN-1 or TN-2

Spectrum point (SP) Prediction (PD) Sensing (SE)

SPza 1682.4 Negative XXXXX
SPZ’ 1686.2 Positive Positive
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Table 5: Probability of occupancy and idle for each spectrum point

Spectrum Point P (OCCUPIED) P (IDLE)
1885.2 0.015 0.985
1885.4 0.009 0.991
1876.4 0.963 0.037
1877.2 0.989 0.011
1877 1 0
1885.6 0 1
1885.8 0 1
1876.6 0.967 0.033
1881.6 1 0
1876.8 0.999 0.001
1876.2 0.945 0.055
1876 0.928 0.072
1886 0 1
1880.2 0.452 0.548
1882.8 0.123 0.877
1878.8 0.177 0.823






OEBPS/Images/copy.png





OEBPS/Images/IASC_28645-fig-4.png
SE(P)

Data Transmission






OEBPS/Images/IASC_28645-fig-7.png
INPUT

1

ENCODER

l

DECODER

|

DENSE

|

OUTPUT






OEBPS/Images/IASC_28645-fig-2.png
12 « 0

< >
| Xt+T-14 Xm‘-nl Xts1-12 ’ Xm-u.‘ Xm-m‘Xm—s Xtse  |Xts7  XtsT-6 ‘Xm‘-s ‘qu | Xtst3 ’ Xm’-zi Xsr1 | Xt
B E——
l1 «—
01
< >
I3 «——>





