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Introduction
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When

Make decision 

Why
Accurate and real-time traffic 

flow prediction is important

How
Deep Learning Method

Free way or road

Where

Who
Government

What
Intelligent transportation 

management and control.



Introduction

• In the past, most of the papers are focus LSTM, the project 

can show that how variants of RNNs help the traffic 

prediction.
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Method
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• GRU



Method
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• SAES

SAE model with proposed dropout method is presented, consisting layers of 

autoencoders with deep learning-based structure.
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Experiment

• Datasets:  Performance Measurement System (PeMS). 

Data are collected in real-time from individual detectors 

spanning the freeway system across all major metropolitan 

areas of the State of California
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Experiment

• Train：7777 sample points

• Test：3332 sample points 
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LSTM、GRU、SAES

輸入訓練資料

Dense串接所有神經元

Dense輸出預測流量

各種指標衡量模型配適度



Experiment

• Experiment design-LSTM
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Dropout Batch size Activate 
function

Epoch

LEVEL 1 0.2 128 tanh 500

LEVEL 2 0.3 256 Sigmoid 600

LEVEL 3 0.4 512 Relu 700



Experiment

• Orthogonal Array-LSTM
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Experiment Dropout Batch size Activate 
function

Epoch

1 0.2 128 tanh 500

2 0.2 256 Sigmoid 600

3 0.2 512 Relu 700

4 0.3 128 Relu 700

5 0.3 256 Sigmiod 600

6 0.3 512 Tanh 500

7 0.4 128 Sigmoid 600

8 0.4 256 Relu 700

9 0.4 512 Tanh 500



Experiment
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Experiment Dropout Batch size Activate 
function

Epoch R-square Mse

1 0.2 128 tanh 500 0.9218 100.562

2 0.2 256 Sigmoid 600 0.9399 98.929

3 0.2 512 Relu 700 0.9152 99.151

4 0.3 128 Relu 700 0.9341 101.256

5 0.3 256 Sigmiod 600 0.9298 99.076

6 0.3 512 Tanh 500 0.9054 102.364

7 0.4 128 Sigmoid 600 0.9263 103.456

8 0.4 256 Relu 700 0.9312 100.421

9 0.4 512 Tanh 500 0.9255 98.994



Experiment

• Experiment design-GRU
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Dropout Batch size Activate 
function

Epoch

LEVEL 1 0.2 128 tanh 500

LEVEL 2 0.3 256 Sigmoid 600

LEVEL 3 0.4 512 Relu 700



Experiment

• Orthogonal Array-GRU
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Experiment Dropout Batch size Activate 
function

Epoch

1 0.2 128 tanh 500

2 0.2 256 Sigmoid 600

3 0.2 512 Relu 700

4 0.3 128 Relu 700

5 0.3 256 Sigmiod 600

6 0.3 512 Tanh 500

7 0.4 128 Sigmoid 600

8 0.4 256 Relu 700

9 0.4 512 Tanh 500



Experiment
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Experiment Dropout Batch size Activate 
function

Epoch R-square Mse

1 0.2 128 tanh 500 0.9185 106.738

2 0.2 256 Sigmoid 600 0.9214 105.047

3 0.2 512 Relu 700 0.9296 108.269

4 0.3 128 Relu 700 0.9136 104.902

5 0.3 256 Sigmiod 600 0.9363 104.857

6 0.3 512 Tanh 500 0.8917 106.216

7 0.4 128 Sigmoid 600 0.9343 110.956

8 0.4 256 Relu 700 0.9211 105.238

9 0.4 512 Tanh 500 0.9193 112.483



Experiment

• Experiment design-SAES
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Dropout Batch size Activate 
function

Epoch

LEVEL 1 0.2 128 tanh 500

LEVEL 2 0.3 256 Sigmoid 600

LEVEL 3 0.4 512 Relu 700



Experiment

• Orthogonal Array-SAES
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Experiment Dropout Batch size Activate 
function

Epoch

1 0.2 128 tanh 500

2 0.2 256 Sigmoid 600

3 0.2 512 Relu 700

4 0.3 128 Relu 700

5 0.3 256 Sigmiod 600

6 0.3 512 Tanh 500

7 0.4 128 Sigmoid 600

8 0.4 256 Relu 700

9 0.4 512 Tanh 500



Experiment
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Experiment Dropout Batch size Activate 
function

Epoch R-square Mse

1 0.2 128 tanh 500 0.9137 102.46

2 0.2 256 Sigmoid 600 0.9402 100.128

3 0.2 512 Relu 700 0.921 103.574

4 0.3 128 Relu 700 0.8954 96.481

5 0.3 256 Sigmiod 600 0.9264 99.962

6 0.3 512 Tanh 500 0.9357 101.548

7 0.4 128 Sigmoid 600 0.9394 97.146

8 0.4 256 Relu 700 0.9422 95.088

9 0.4 512 Tanh 500 0.9069 98.452
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Result

24

Dropout Batch size Activate 
function

Epoch

LSTM 0.2 256 Sigmoid 600

GRU 0.3 256 Sigmiod 600

SAES 0.4 256 Relu 700

Metrics MAE MSE RMSE MAPE R-squre
Explaind
variance 

score

LSTM 7.17 98.92 9.94 16.91% 0.9399 0.94

GRU 7.31 104.85 10.24 18.05% 0.9363 0.9363

SAEs 7.14 95.08 9.75 20.26% 0.9422 0.9439



Result
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Contribution

• Precise short-term traffic flow prediction is vital for intelligent 

transportation systems.

• Show that GRU can get similar result in less execution time.
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Reflection

• Using traffic flow alone as input variables can yield the 

acceptable performance of traffic flow prediction, while using 

traffic flow together with speed as inputs may yield better 

results than using traffic flow alone.

• Why SAES is better than LSTM and GRU？
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Thank You for Your Listening

31


