TABLE 1 NN OPTIMAL SETTINGS FOR 5- AND 10-MINUTE PREDICTIONS BASED ON A4RE
(a) 5-MINUTE PREDICTION HORIZON

Congetion Indicator Optimal Settings (5 min)
. . Average Absolute
Case | Downstream |Current Station| Upstream LTM/Time .
. . Network Inputs Relative Error
Station (X) (Y) Station (Z) Component
7 2 2 3 MODULAR XY No 0.001
8 2 2 4 TLFN XYZ Yes 0.001
15 3 2 2 MLP zY Yes 0.001
16 3 2 3 MODULAR zY Yes 0.001
18 3 3 3 TLFN Y No 0.001
20 3 4 3 CANFIS Y Yes 0.001
21 3 4 4 Jordan-Elman Y Yes 0.001
22 4 3 3 CANFIS XY No 0.001
25 4 4 4 TLFN zY Yes 0.001
4 2 1 4 PRN XY Yes 0.002
6 2 2 2 PRN XYZ No 0.002
19 3 3 4 Jordan-Elman zY Yes 0.002
23 4 3 4 CANFIS XY No 0.002
9 2 3 3 TLFN XY No 0.003
10 2 3 4 TLFN zY No 0.003
13 3 1 3 Jordan-Elman zY No 0.003
24 4 4 3 TLFN Y No 0.003
17 3 2 4 PCA-hybrid XY Yes 0.006
11 3 1 1 CANFIS Y Yes 0.008
14 3 2 1 TLFN XY Yes 0.008
3 2 1 3 PCA-hybrid XYZ No 0.012
5 2 2 1 PCA-hybrid XYZ No 0.014
1 2 1 1 MODULAR XY Yes 0.017
2 2 1 2 MODULAR XY Yes 0.032
12 3 1 2 PRN Y Yes 0.058
(b) 10-MINUTE PREDICTION HORIZON
Congetion Indicator Optimal Settings (10 min)
. . Average Absolute
Case | Downstream |Current Station| Upstream LTM/Time .
. . Network Inputs Relative Error
Station (X) ) Station (Z) Component
7 2 2 3 MODULAR XY Yes 0.001
9 2 3 3 TLFN zY Yes 0.001
15 3 2 2 TLFN Y Yes 0.001
20 3 4 3 PCA-hybrid XYZ No 0.001
21 3 4 4 Jordan-Elman XYZ No 0.001
22 4 3 3 PCA-hybrid XYZ No 0.001
23 4 3 4 MLP XY No 0.001
25 4 4 4 PRN XYZ Yes 0.001
5 2 2 1 PRN Y Yes 0.002
6 2 2 2 PRN XYZ No 0.002
8 2 2 4 TLFN Y Yes 0.002
24 4 4 3 TLFN zY No 0.002
12 3 1 2 MLP XY No 0.004
11 3 1 1 CANFIS zY Yes 0.006
18 3 3 3 TLFN XY Yes 0.006
14 3 2 1 PRN zY Yes 0.007
4 2 1 4 TLFN zY No 0.012
3 2 1 3 CANFIS XY Yes 0.013
17 3 2 4 CANFIS XY Yes 0.018
10 2 3 4 TLFN XYZ No 0.031
1 2 1 1 CANFIS XYZ Yes 0.035
16 3 2 3 CANFIS XY Yes 0.043
2 2 1 2 MODULAR XY Yes 0.046
19 3 3 4 Jordan-Elman XYZ Yes 0.059
13 3 1 3 MODULAR zY No 0.119
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TABLE 2 NN OPTIMAL SETTINGS FOR 15- AND 20-MINUTE PREDICTIONS BASED ON 4A4RE
(a) 15-MINUTE PREDICTION HORIZON

Congetion Indicator Optimal Settings (15 min)

. . Average Absolute
Case | Downstream |Current Station| Upstream LTM/Time .
. . Network Inputs Relative Error
Station (X) Y) Station (Z) Component

7 2 2 3 MLP XY No 0.001
8 2 2 4 MLP zY Yes 0.001
9 2 3 3 Jordan-Elman zY Yes 0.001
14 3 2 1 Jordan-Elman zY Yes 0.001
15 3 2 2 PCA-hybrid zZY Yes 0.001
21 3 4 4 Jordan-Elman XYZ Yes 0.001
22 4 3 3 TLFN XYZ No 0.001
3 2 1 3 PCA-hybrid XY No 0.002
23 4 3 4 Jordan-Elman Y Yes 0.002
24 4 4 3 Jordan-Elman zY Yes 0.002
25 4 4 4 CANFIS zY No 0.002
5 2 2 1 TLFN Y Yes 0.003
6 2 2 2 TLFN XYZ Yes 0.003
12 3 1 2 MLP XY Yes 0.008
4 2 1 4 Jordan-Elman XYZ Yes 0.01
18 3 3 3 Jordan-Elman zY Yes 0.015
20 3 4 3 Jordan-Elman XY Yes 0.02
1 2 1 1 CANFIS XYZ Yes 0.037
16 3 2 3 MODULAR zY Yes 0.039
17 3 2 4 PCA-hybrid zY Yes 0.043
2 2 1 2 MODULAR XY Yes 0.044
11 3 1 1 MODULAR XYZ No 0.05
19 3 3 4 Jordan-Elman zY Yes 0.08
10 2 3 4 PRN zZY No 0.113
13 3 1 3 MODULAR zY No 0.181

(b) 20-MINUTE PREDICTION HORIZON

Congetion Indicator Optimal Settings (20 min)
. . Average Absolute

Case | Downstream |Current Station| Upstream LTM/Time R
. . Network Inputs Relative Error
Station (X) Y) Station (Z) Component

18 3 3 3 TLFN XY Yes 0.003
23 4 3 4 MLP XY Yes 0.003
15 3 2 2 PCA-hybrid XYZ Yes 0.004
22 4 3 3 PRN Y Yes 0.008
24 4 4 3 PCA-hybrid XYZ No 0.008
17 3 2 4 MLP XY Yes 0.009
5 2 2 1 MLP XY Yes 0.01
8 2 2 4 PRN zY Yes 0.01
9 2 3 3 TLFN XY Yes 0.01
14 3 2 1 TLFN zY Yes 0.01
20 3 4 3 TLFN XY Yes 0.015
7 2 2 3 CANFIS XY Yes 0.016
4 2 1 4 TLFN zY Yes 0.017
3 2 1 3 MLP XY No 0.019
25 4 4 4 Jordan-Elman XYZ Yes 0.019
12 3 1 2 MLP XY Yes 0.026
16 3 2 3 MLP XY Yes 0.026
21 3 4 4 TLFN XY Yes 0.03
1 2 1 1 MODULAR XY Yes 0.04
6 2 2 2 CANFIS zZY Yes 0.047
2 2 1 2 MODULAR XY Yes 0.049
11 3 1 1 MODULAR XYZ No 0.063
13 3 1 3 MODULAR zY No 0.065
19 3 3 4 TLFN XY Yes 0.133
10 2 3 4 Jordan-Elman XYz No 0.197




TABLE 3 NN OPTIMAL SETTINGS FOR 5- AND 10-MINUTE PREDICTIONS BASED ON RMSE

(a) 5-MINUTE PREDICTION HORIZON

Congetion Indicator Optimal Settings (5 min) Root Mean
Case | Downstream |Current Station| Upstream LTM/Time Square Error
. . Network Inputs
Station (X) Y) Station (Z) Component (mph)
4 2 1 4 PRN XY Yes 0.0
13 3 1 3 Jordan-Elman zZY No 0.2
5 2 2 1 PCA-hybrid XYZ No 0.3
22 4 3 3 CANFIS XY No 0.5
14 3 2 1 PRN XYZ No 0.8
23 4 3 4 MODULAR zY No 0.9
24 4 4 3 PRN Y No 0.9
20 3 4 3 MLP XYZ No 1.1
25 4 4 4 TLFN XYZ Yes 1.7
15 3 2 2 TLFN XY No 2.0
11 3 1 1 CANFIS zY Yes 2.1
1 2 1 1 PRN XYZ Yes 2.5
2 2 1 2 CANFIS XYZ Yes 2.5
12 3 1 2 TLFN Y Yes 2.6
21 3 4 4 TLFN zY Yes 2.7
6 2 2 2 TLFN XY Yes 2.8
3 2 1 3 MODULAR XY Yes 3.0
18 3 3 3 Jordan-Elman zY Yes 5.2
16 3 2 3 PCA-hybrid XYZ Yes 5.2
17 3 2 4 PCA-hybrid XY Yes 5.6
19 3 3 4 CANFIS zZY Yes 5.7
7 2 2 3 MODULAR XYZ No 6.5
9 2 3 3 Jordan-Elman XYZ Yes 7.7
8 2 2 4 MODULAR XYZ No 8.9
10 2 3 4 Jordan-Elman XYz No 9.9
(b) 10-MINUTE PREDICTION HORIZON
Traffic Conditions in terms of Speed (mph) Optimal Settings (10 min) Root Mean
Case [ Downstream [Current Station| Upstream LTM/Time Square Error
. . Network Inputs
Station (X) Y) Station (Z) Component (mph)
4 2 1 4 Jordan-Elman zY No 0.2
22 4 3 3 PCA-hybrid XYZ No 0.5
5 2 2 1 PCA-hybrid XY No 0.7
14 3 2 1 Jordan-Elman XYz Yes 0.8
24 4 4 3 CANFIS XY No 1.2
20 3 4 3 PCA-hybrid XY No 1.4
23 4 3 4 MLP XY No 2.0
11 3 1 1 CANFIS zY Yes 2.2
17 3 2 4 PCA-hybrid XYZ Yes 2.4
1 2 1 1 TLFN Y Yes 2.6
2 2 1 2 MODULAR XY Yes 3.0
25 4 4 4 TLFN zY Yes 3.8
15 3 2 2 Jordan-Elman zZY Yes 4.1
12 3 1 2 Jordan-Elman zZY Yes 4.1
16 3 2 3 MLP XYZ Yes 4.5
7 2 2 3 CANFIS zY Yes 5.7
21 3 4 4 TLFN XYZ Yes 5.7
6 2 2 2 TLFN XYZ Yes 5.7
8 2 2 4 MLP XYZ Yes 6.2
3 2 1 3 CANFIS zZY Yes 7.4
18 3 3 3 TLFN XY Yes 7.8
19 3 3 4 Jordan-Elman XYZ Yes 8.7
10 2 3 4 CANFIS XY Yes 8.9
13 3 1 3 Jordan-Elman XY Yes 9.8
9 2 3 3 Jordan-Elman XYz Yes 11.5
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TABLE 4 NN OPTIMAL SETTINGS FOR 15- AND 20-MINUTE PREDICTIONS BASED ON RMSE

(a) 15-MINUTE PREDICTION HORIZON
Traffic Conditions in terms of Speed (mph) Optimal Settings (15 min) Root Mean
Case [ Downstream |Current Station| Upstream LTM/Time Square Error
. . Network Inputs
Station (X) Y) Station (Z) Component (mph)

4 2 1 4 Jordan-Elman zY No 0.2

5 2 2 1 PCA-hybrid XYZ No 0.3
22 4 3 3 CANFIS XY No 0.5
14 3 2 1 Jordan-Elman XYZ Yes 0.8
23 4 3 4 MODULAR zY No 0.9
24 4 4 3 MODULAR XYZ No 1.0
20 3 4 3 MLP XYZ No 1.1
11 3 1 1 CANFIS zY Yes 2.1

1 2 1 1 MODULAR zY No 2.5

2 2 1 2 CANFIS XYZ Yes 2.5
25 4 4 4 CANFIS zY No 2.7

3 2 1 3 MODULAR XY Yes 3.0
12 3 1 2 MODULAR XY No 3.2
21 3 4 4 CANFIS XY No 3.3

6 2 2 2 PCA-hybrid XY No 3.5
15 3 2 2 PCA-hybrid XY No 4.0
16 3 2 3 PCA-hybrid XYZ Yes 5.2
17 3 2 4 PCA-hybrid XY Yes 5.6
19 3 3 4 CANFIS zY Yes 5.7
13 3 1 3 MODULAR zY No 6.2

7 2 2 3 MODULAR XYZ No 6.5
18 3 3 3 PCA-hybrid XYZ Yes 7.7

8 2 2 4 MODULAR XYZ No 8.9
10 2 3 4 MODULAR XYZ Yes 10.3

9 2 3 3 MLP XYZ No 10.7

(b) 20-MINUTE PREDICTION HORIZON
Traffic Conditions in terms of Speed (mph) Optimal Settings (20 min) Root Mean
Case | Downstream |Current Station| Upstream Stat LTM/Time Square Error
. . Network Inputs
Station (X) Y) ion (Z) Component (mph)

4 2 1 4 TLFN zY Yes 0.3
22 4 3 3 PRN Y Yes 0.6
14 3 2 1 TLFN zY Yes 0.9
24 4 4 3 PCA-hybrid XYZ No 0.9

5 2 2 1 CANFIS zY Yes 1.3
23 4 3 4 MLP XY Yes 1.4

1 2 1 1 TLFN Y Yes 3.1
16 3 2 3 MLP XYZ Yes 3.3

7 2 2 3 MLP XYZ Yes 3.4
17 3 2 4 PCA-hybrid Y Yes 4.2
11 3 1 1 MODULAR zY No 4.6
15 3 2 2 PCA-hybrid XYZ Yes 5.1
20 3 4 3 CANFIS zY Yes 5.3

8 2 2 4 MLP XYZ Yes 5.3
12 3 1 2 Jordan-Elman zY Yes 5.7

2 2 1 2 Jordan-Elman XYZ Yes 6.6
25 4 4 4 Jordan-Elman XYZ Yes 7.5
18 3 3 3 TLFN zY Yes 7.5

3 2 1 3 Jordan-Elman XYZ Yes 9.1

6 2 2 2 MLP XY Yes 9.1
21 3 4 4 Jordan-Elman XYZ Yes 9.7

9 2 3 3 MODULAR XYZ No 10.1
10 2 3 4 MODULAR XYZ No 11.1
19 3 3 4 CANFIS XYZ Yes 11.9
13 3 1 3 MODULAR zY No 14.1

56




TABLE 5 HYBRID OPTIMAL SETTINGS FOR 5- AND 10-MINUTE PREDICTIONS BASED ON 44RE
(a) 5-MINUTE PREDICTION HORIZON

Congestion Indicator Optimal Settings for NN-CBR Approach (5-min PH) Average Absolute Relative Error

Downstream Current Upstream - LTM/Time Optimized NN NN-CBR

Case Station (X) Station (Y) | Station (Z) Prediction Method Inputs Component Approach Approach
19| 2 4 3|PCA-hybrid zZY No 0.002 0.002]
29 3 4 3|CANFIS zY Yes| 0.011 0.011
30 3 4 4|CBR Y n/a 0.029 0.018]
38 4 4 4|CBR Y n/a 0.048 0.018
9 1 4 4|PCA-hybrid XYZ Yes| 0.031 0.031
20 2 4 4|MLP XY Yes 0.032 0.032]
13 2 1 4|PRN XY Yes 0.039 0.039
36 4 3 3[CANFIS XY No 0.041 0.041
3 1 1 3|MODULAR XYZ No 0.046 0.046]
18 2 3 4|PRN zY No 0.054 0.054]
4 1 2 2|MLP XY Yes 0.062 0.062]
6 1 2 4|Jordan-Elman Y No 0.063 0.063]
33 4 1 3|CANFIS zY No 0.069 0.069,
8 1 3 4|Jordan-Elman Y No 0.071 0.071
31 4 1 1]MODULAR ZY No 0.071 0.071
7 1 3 3|MLP Y No 0.075 0.075]
34 4 2 2|MODULAR XYZ No 0.079 0.079,
37 4 3 4|CBR Y n/a 0.085 0.082]
27 3 3 3|CBR Y n/a 0.096 0.082]
17 2 3 3|CBR Y n/a 0.112 0.082
28 3 3 4|CBR Y n/a 0.114 0.082]
16 2 2 4|TLFN XYZ Yes 0.084 0.084;
35 4 2 3|CANFIS XYZ Yes 0.089 0.089
1 1 1 1|MLP XY Yes 0.091 0.091
2 1 1 2|CANFIS XY No 0.091 0.091
21 3 1 1]CBR Y n/a 0.097 0.093,
10 2 1 1]CBR Y n/a 0.112 0.093
22 3 1 2|CBR Y n/a 0.116 0.093]
11 2 1 2|CBR Y n/a 0.117 0.093]
12 2 1 3|CBR Y n/a 0.118 0.093]
23 3 1 3|CBR Y n/a 0.129 0.093]
26 3 2 4|PCA-hybrid XY Yes 0.098 0.098|
25 3 2 3|CBR Y n/a 0.123 0.107
14 2 2 2|CBR Y n/a 0.125 0.107
15] 2 2 3|CBR Y n/a 0.125 0.107]
24 3 2 2|CBR Y n/a 0.143 0.107]
32 4 1 2|PCA-hybrid ZY No 0.107 0.107]
5 1 2 3|PRN Y No 0.116 0.116]

(b) 10-MINUTE PREDICTION HORIZON

Congestion Indicator Optimal Settings for NN-CBR Approach (10-min PH) Average Absolute Relative Error

Case Downstream Current Upstream Model/Memory- Inputs LTM/Time Optimized NN NN-CBR

Station (X) Station (Y) | Station (Z) | based Approach Component Approach Approach
6 1 2 4|MLP XY Yes 0.015 0.015]
9 1 4 4|CANFIS zY No 0.020 0.020;
29 3 4 3|CANFIS zY Yes 0.028 0.028;
38 4 4 4|CBR Y n/a 0.042 0.030;
30 3 4 4|CBR Y n/a 0.089 0.030;
13 2 1 4|TLFN zY No 0.056 0.056!
36 4 3 3|CANFIS XY No 0.056 0.056!
33 4 1 3|MLP XYZ No 0.060 0.060:
3 1 1 3|PCA-hybrid XYZ Yes 0.073 0.073;
19 2 4 3|Jordan-Elman Y Yes 0.084 0.084/
1 1 1 1IMLP XY Yes 0.092 0.092!
8 1 3 4|Jordan-Elman Y No 0.095 0.095!
7 1 3 3|Jordan-Elman Y No 0.099 0.099!
26 3 2 4|CBR Y n/a 0.109 0.100:
24 3 2 2|CBR Y n/a 0.142 0.100:
15] 2 2 3|CBR Y n/a 0.145 0.100
14 2 2 2|CBR Y n/a 0.169 0.100
25 3 2 3|CBR Y n/a 0.173 0.100
16 2 2 4|CBR Y n/a 0.217 0.100;
37 4 3 4|CBR Y n/a 0.110 0.102
27 3 3 3|CBR Y n/a 0.113 0.102
18 2 3 4|CBR Y n/a 0.114 0.102
17 2 3 3|CBR Y n/a 0.117 0.102
28 3 3 4|CBR Y n/a 0.134 0.102
5 1 2 3|PCA-hybrid XYZ Yes 0.104 0.104;
10 2 1 1]MODULAR XY Yes 0.107 0.107;
2 1 1 2|MODULAR XYZ No 0.108 0.108;
21 3 1 1]CANFIS zY Yes 0.109 0.109
12 2 1 3|PCA-hybrid XYZ No 0.110 0.110;
20 2 4 4|CANFIS ZY No 0.111 0.111
34 4 2 2|CANFIS XY Yes 0.115 0.115
22 3 2|MODULAR XY No 0.118 0.118;
31 4 1]CANFIS ZY Yes 0.119 0.119
35 4 2 3|PRN Y No 0.121 0.121
11 2 1 2|MODULAR XY Yes 0.130 0.130;
4 1 2 2|TLFN Y Yes 0.134 0.134;
23 3 1 3|CBR Y n/a 0.156 0.144;
32 4 1 2|Jordan-Elman Y Yes 0.151 0.151
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TABLE 6 HYBRID OPTIMAL SETTINGS FOR 15- AND 20-MINUTE PREDICTIONS BASED ON A4RE
15-MINUTE PREDICTION HORIZON

(@

Congestion Indicator Optimal Settings for NN-CBR Approach (15-min PH) Average Absolute Relative Error

Case Downstream Current Upstream Model/Memory- Inputs LTM/Time Optimized NN NN-CBR

Station (X) Station (Y) | Station (Z) based Approach Component Approach Approach
13 2 1 4|Jordan-Elman XYZ Yes 0.004 0.004]
35 4 2 3|MODULAR XY Yes 0.016 0.016
34 4 2 2|MLP XYZ Yes 0.021 0.021
16 2 2 4{MLP zY Yes 0.033 0.033
29 3 4 3|MLP XYZ Yes 0.038 0.038
30 3 4 4|CBR Y n/a 0.055 0.042
38 4 4 4|CBR Y n/a 0.109 0.042
9 1 4 4|MLP XY Yes 0.044 0.044/
36 4 3 3|MODULAR XYZ No 0.051 0.051
31 4 1 1|[MODULAR zY Yes 0.053 0.053
33 4 1 3|CANFIS XY Yes 0.065 0.065
6 1 2 4|MODULAR XY Yes 0.086 0.086
1 1 1 1]PCA-hybrid XY Yes 0.089 0.089!
2 1 1 2|MLP XY Yes 0.091 0.091
24 3 2 2|CBR Y n/a 0.220 0.097]
26 3 2 4|CBR Y n/a 0.226 0.097,
15] 2 2 3|CBR Y n/a 0.232 0.097,
14 2 2 2|CBR Y n/a 0.253 0.097,
25 3 2 3|CBR Y n/a 0.273 0.097
18 2 3 4|CBR Y n/a 0.210 0.111
37 4 3 4|CBR Y n/a 0.219 0.111
27 3 3 3|CBR Y n/a 0.226 0.111
28 3 3 4[CBR Y n/a 0.240 0.111
17 2 3 3|CBR Y n/a 0.244 0.111
5 1 2 3|TLFN XYZ Yes 0.158 0.158]
4 1 2 2|Jordan-Elman XYZ No 0.162 0.162]
10 2 1 1|CBR Y n/a 0.171 0.164/
22 3 2|CBR Y n/a 0.172 0.164
21 3 1]CBR Y n/a 0.173 0.164
11 2 2|CBR Y n/a 0.176 0.164
23 3 1 3|CBR Y n/a 0.257 0.164
12 2 1 3|CBR Y n/a 0.284 0.164
32 4 1 2|Jordan-Elman ZY Yes 0.169 0.169!
19 2 4 3|MLP Y No 0.189 0.189
8 1 3 4|Jordan-Elman Y No 0.196 0.196!
7 1 3 3|CANFIS Y No 0.197 0.197
3 1 1 3|PRN zZY Yes 0.199 0.199!
20 2 4 4|PCA-hybrid Y No 0.221 0.221

(b) 20-MINUTE PREDICTION HORIZON

Congestion Indicator Optimal Settings for NN-CBR Approach (20-min PH) Average Absolute Relative Error

Case Downstream Current Upstream Model/Memory- Inputs LTM/Time Optimized NN NN-CBR

Station (X) Station (Y) | Station (Z) based Approach Component Approach Approach
33 4 1 3|PCA-hybrid zZY Yes 0.009 0.009;
34 4 2 2|MLP XY Yes 0.010 0.010
35 4 2 3|PCA-hybrid XYZ Yes 0.026 0.026!
13 2 1 4{TLFN zY Yes 0.032 0.032
16 2 2 4|PRN zY Yes 0.044 0.044
29 3 4 3|TLFN XY Yes 0.057 0.057
30 3 4 4[CBR Y n/a 0.072 0.063
38 4 4 4|CBR Y n/a 0.108 0.063;
9 1 4 4|MODULAR XYZ Yes 0.063 0.063
32 4 1 2|CANFIS zZY Yes 0.065 0.065!
28 3 3 4|TLFN XY Yes 0.079 0.079!
25 3 2 3|MLP XY Yes 0.102 0.102]
26 3 2 4|CBR Y n/a 0.103 0.102
24 3 2 2|CBR Y n/a 0.143 0.102
15] 2 2 3|CBR Y n/a 0.279 0.102
14 2 2 2|CBR Y n/a 0.296 0.102
1 1 1 1|MLP Y n/a 0.103 0.103
27 3 3 3|CBR Y n/a 0.120 0.114
36 4 3 3|CBR Y n/a 0.154 0.114
37 4 3 4[CBR Y n/a 0.155 0.114
18 2 3 4[CBR Y n/a 0.330 0.114
17 2 3 3|CBR Y n/a 0.431 0.114/
3 1 1 3|Jordan-Elman Y No 0.115 0.115]
2 1 1 2|TLFN Y Yes 0.120 0.120!
6 2 4|Jordan-Elman XY No 0.134 0.134
4 2 2|Jordan-Elman Y No 0.138 0.138,
7 3 3|TLFEN XY Yes 0.145] 0.145
5| 1 2 3|PRN Y Yes 0.150 0.150
10 2 1 1|MODULAR XY Yes 0.151 0.151
21 3 1 1|CBR Y n/a 0.199 0.176
11 2 1 2|CBR Y n/a 0.210 0.176
22 3 1 2|CBR Y n/a 0.247 0.176
23 3 1 3|CBR Y n/a 0.305 0.176
12 2 1 3|CBR Y n/a 0.335 0.176!
31 4 1 1]CANFIS zZY No 0.180 0.180!
20 2 4 4|PCA-hybrid zZY No 0.187 0.187]
8 1 3 4|PRN Y No 0.267 0.267,
19 2 4 3|Jordan-Elman zY No 0.335 0.335]
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TABLE 7 HYBRID OPTIMAL SETTINGS FOR 5- AND 10-MINUTE PREDICTIONS BASED ON RMSE
(a) 5-MINUTE PREDICTION HORIZON

Congestion Indicator Optimal Settings for NN-CBR Approach (5-min PH) Root Mean Square Error (mph)

Case| Downstream Current Upstream Model/Memory- Inputs LTM/Time Optimized NN NN-CBR

Station (X) Station (Y) | Station (Z) | based Approach P Component Approach Approach
19 2 4 3 PCA-hybrid zY No 0.1 0.1
29 3 4 3 CANFIS XYZ No 0.6 0.6
3| 1 1 3 MODULAR XYz No 0.9 0.9
31 4 1 1 MODULAR zY No 1.1 1.1
4 1 2 2 MLP XY Yes 1.2 1.2
1 1 1 1 MLP XY Yes 1.3 1.3
33 4 1 3 CANFIS zY No 1.4 1.4
2 1 1 2 CANFIS XY No 1.5 1.5
21 3 1 1 MODULAR zY No 1.5 1.5
10 2 1 1 CBR Y n/a 1.6 1.5
22 3 1 2 CBR Y n/a 2.0 1.5
1" 2 1 2 CBR Y n/a 21 1.5
12 2 1 3 CBR Y n/a 3.5 1.5
13 2 1 4 CBR Y n/a 3.5 1.5
23 3 1 3 CBR Y n/a 4.7 1.5
30 3 4 4 CBR Y n/a 1.8 1.7
38 4 4 4 CBR XY n/a 27 1.7
34 4 2 2 MODULAR XYz No 1.8 1.8
9 1 4 4 PCA-hybrid XYZ Yes 1.8 1.8
20 2 4 4 MLP XY Yes 1.9 1.9
6 1 2 4 MODULAR zZY Yes 1.9 1.9
36 4 3 3 CANFIS zY Yes 2.0 2.0
32 4 1 2 PCA-hybrid zZY No 2.3 2.3
14 2 2 2 MLP XY No 26 2.6
8 1 3 4 Jordan-Elman Y No 2.7 27
7 1 3 3 Jordan-Elman Y No 2.8 2.8
18 2 3 4 CANFIS zY Yes 2.9 2.9
24 3 2 2 CBR Y n/a 3.6 3.0
26 3 2 4 CBR Y n/a 3.7 3.0
16 2 2 4 CBR Y n/a 3.7 3.0
15 2 2 3 CBR Y n/a 4.2 3.0
25 3 2 3 CBR Y n/a 45 3.0
27 3 3 3 CBR Y n/a 4.1 3.5
28 3 3 4 CBR Y n/a 43 3.5
17 2 3 3 CBR Y n/a 45 3.5
37 4 3 4 CBR Y n/a 4.6 3.5
35 4 2 3 PR Y No 3.7 3.7
5] 2 3 PR Y No 4.4 4.4

(b) 10-MINUTE PREDICTION HORIZON
Congestion Indicator Optimal Settings for NN-CBR Approach (10-min PH) Root Mean Square Error (mph)

Case Downstream Current Upstream Model/Memory- Inputs LTM/Time Optimized NN NN-CBR

Station (X) Station (Y) | Station (Z) based Approach Component Approach Approach
6 1 2 4|MLP XY Yes 0.286 0.286'
9 1 4 4|CANFIS zY No 1.148 1.148
1 1 1 1IMLP XY Yes 1.404 1.404
33 4 1 3|MLP XYZ No 1.423 1.423
29 3 4 3|CANFIS zY Yes 1.620 1.620
10 2 1 1]MODULAR XY No 1.665 1.665
21 3 1 1]CANFIS zY Yes 1.677 1.677
2 1 1 2|PCA-hybrid XYZ Yes 1.715 1.715
38 4 4 4|CBR XYZ n/a 2.359 1.773
30 3 4 4|CBR ZY n/a 4.358 1.773
31 4 1 1]CANFIS zY Yes 1.832 1.832
22 3 1 2|MODULAR XY No 2.007] 2.007;
3 1 1 3|PCA-hybrid XYZ Yes 2.372 2.372
4 1 2 2|MODULAR XYZ No 2.498) 2.498
11 2 1 2|MODULAR XY No 2.614 2.614
24 3 2 2|CBR Y n/a 3.767] 2.683
14 2 2 2|CBR Y n/a 3.788 2.683
26 3 2 4|CBR Y n/a 4.340 2.683
15] 2 2 3|CBR Y n/a 5.464 2.683
25 3 2 3|CBR Y n/a 6.852 2.683
16 2 2 4|CBR Y n/a 7.295 2.683
12 2 1 3|CBR Y n/a 3.891 2.814
13 2 1 4|CBR Y n/a 5.236 2.814
23 3 1 3|CBR Y n/a 6.132 2.814
36 4 3 3|PCA-hybrid XY No 3.231 3.231
20 2 4 4|CANFIS ZY No 3.791 3.791
8 1 3 4|Jordan-Elman Y No 4.017 4.017]
7 1 3 3|Jordan-Elman Y No 4.125 4.125
35 4 2 3|PRN Y No 4.130 4.130,
34 4 2 2|CANFIS XY Yes 4.699 4.699
28 3 3 4|CBR Y n/a 5.472 4.781
17| 2 3 3|PRN Y No 4.809 4.809
18] 2 3 4|CANFIS zY Yes 5.059] 5.059
27, 3 3 3|PRN Y No 5.069] 5.069
37 4 3 4|CANFIS XY Yes 5.168 5.168
5 1 2 3|TLFN Y Yes 5.728| 5.728
32 4 1 2|CANFIS zY Yes 5.972 5.972
19| 2 4 3|MODULAR XYZ No 7.7351 7.7351
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TABLE 8 HYBRID OPTIMAL SETTINGS FOR 15- AND 20-MINUTE PREDICTIONS BASED ON RMSE
15-MINUTE PREDICTION HORIZON

(@)

Congestion Indicator Optimal Settings for NN-CBR Approach (15-min PH) Root Mean Square Error (mph)

Case Downstream Current Upstream Model/Memory- Inputs LTM/Time Optimized NN NN-CBR

Station (X) Station (Y) | Station (Z) based Approach Component Approach Approach
31 4 1 1]MODULAR zY Yes 0.913 0.913]
34 4 2 2|MODULAR XYZ Yes 1.129 1.129
1 1 1 1IMLP XY Yes 1.365 1.365
6 1 2 4|CANFIS XY Yes 1.512 1.512
2 1 1 2|MLP XY Yes 1.595 1.595
36 4 3 3|CBR Y n/a 3.022 2.230!
27 3 3 3|CBR Y n/a 6.174 2.230;
28 3 3 4|CBR Y n/a 6.364 2.230
17 2 3 3|CBR Y n/a 6.921 2.230;
18 2 3 4|CBR Y n/a 7.065] 2.230;
37 4 3 4|CBR Y n/a 9.705] 2.230,
29 3 4 3|PCA-hybrid ZY Yes 2.264 2.264
9 1 4 4|MLP XY Yes 2.340 2.340
30 3 4 4|CBR XY n/a 3.053 2.400
38 4 4 4|CBR XYZ n/a 5.194 2.400;
21 3 1 1]MODULAR XY No 2.466 2.466
10 2 1 1]CBR Y n/a 2.617 2.482
22 3 1 2|CBR Y n/a 2.822 2.482
11 2 1 2|CBR Y n/a 3.854 2.482
12 2 1 3|CBR Y n/a 6.505 2.482
23 3 1 3|CBR Y n/a 6.755] 2.482
13 2 1 4|CBR Y n/a 10.922 2.482
4 1 2 2|MLP XYZ No 2.570 2.570
33 4 1 3|MLP XY Yes 2.690 2.690
24 3 2 2|CBR Y n/a 3.872 3.359
26 3 2 4|CBR Y n/a 5.893 3.359
14 2 2 2|CBR Y n/a 6.019 3.359
15] 2 2 3|CBR Y n/a 6.873 3.359
25 3 2 3|CBR Y n/a 7.341 3.359
16 2 2 4|CBR Y n/a 9.363 3.359
8 1 3 4|Jordan-Elman Y No 4.933 4.933
7 1 3 3|Jordan-Elman Y No 4.968 4.968]
20 2 4 4|PCA-hybrid ZY No 5.438 5.438
32 4 1 2|CANFIS zY Yes 5.579 5.579
3 1 1 3|MLP ZY Yes 6.371 6.371
5 1 2 3|Jordan-Elman Y Yes 7.014 7.014/
35 4 2 3|Jordan-Elman XYZ Yes 7.196 7.196!
19| 2 4 3|PCA-hybrid zY No 13.541 13.541

(b) 20-MINUTE PREDICTION HORIZON
Congestion Indicator Optimal Settings for NN-CBR Approach (20-min PH) Root Mean Square Error (mph)

Case Downstream Current Upstream Model/Memory- Inputs LTM/Time Optimized NN NN-CBR

Station (X) Station (Y) | Station (Z) | based Approach Component Approach Approach
33 4 1 3|PCA-hybrid zY Yes 0.527 0.527
34 4 2 2|MLP XY Yes 0.547 0.547
28 3 3 4|TLFN Y No 1.139 1.139
25 3 2 3|Jordan-Elman Y Yes 1.324 1.324
1 1 1 1IMLP XY Yes 1.616 1.616
26 3 2 4|Jordan-Elman Y Yes 2.022 2.022
6 1 2 4|CANFIS XY Yes 2.392 2.392
27 3 3 3|PRN Y Yes 2.411 241
10 2 1 1]|PCA-hybrid XY No 2.519 2.519
32 4 1 2|CANFIS ZY Yes 2.583 2.583
31 4 1 1]CANFIS zY No 2.816 2.816
2 1 1 2|PCA-hybrid XY Yes 2.936 2.936
24 3 2 2|CBR Y n/a 3.071 2.949
14 2 2 2|CBR Y n/a 7.968 2.949
16 2 2 4|CBR Y n/a 16.331 2.949
15] 2 2 3|CBR Y n/a 16.428 2.949
35 4 2 3|Jordan-Elman zY No 2.970 2.970
9 1 4 4|MODULAR XYZ Yes 3.042 3.042
21 3 1 1]CANFIS zY Yes 3.049 3.049
5 1 2 3|PRN Y Yes 3.251 3.251
29 3 4 3|PCA-hybrid XYZ No 3.385 3.385
22 3 1 2|MODULAR XY No 3.434 3.434
30 3 4 4|CBR Y n/a 3.568 3.537
38 4 4 4|CBR Y n/a 5.125 3.537]
11 2 1 2|CBR Y n/a 5.469 4.110;
12 2 1 3|CBR Y n/a 5.558 4.110;
13 2 1 4|CBR Y n/a 10.019 4.110;
23 3 1 3|CBR Y n/a 23.307 4.110
7 1 3 3|TLEN XY No 5.013 5.013
4 1 2 2|PCA-hybrid zY No 5.090 5.090
36 4 3 3|CBR Y n/a 6.731 5.442
18 2 3 4|CBR Y n/a 8.499 5.442
37 4 3 4|CBR Y n/a 11.077 5.442
17 2 3 3|CBR Y n/a 14.150 5.442
3 1 1 3|MLP ZY Yes 5.729 5.729
20 2 4 4|MLP zY No 5.999 5.999
8 1 3 4|Jordan-Elman zZY Yes 7.569 7.569!
19| 2 4 3|PCA-hybrid zY No 17.097 17.097
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are independent of the information relayed by STM and LTM components, and therefore, the
network topologies could not build sufficient internal representations of such cases. For 10-
minute predictions, 22 cases exhibited errors less than 12%, 15 less than 17%, and 1 as high as
22%. The same explanation may apply. However, both cases exhibited higher errors for 10-
minute predictions than for 5-minute predictions, confirming the intuition that prediction accuracy
diminishes with longer horizons. Similar conclusions can be driven from 15- and 20-minute
predictions, which show almost consistently higher errors for the worst cases as the prediction
horizon increases.

The optimal settings were also selected based on the RMSE for each prediction horizon.

Comparisons show some discrepancies between optimal settings for each case based on each
measure, but this is the effect of the different meanings of the two performance measures.
In addition, by comparing the two performance measures across the prediction horizon for each of
the two prediction methods (with and without CBR), one can clearly see the improvement
achieved by integrating the memory-based predictor. These results are graphically depicted in
FIGURE 17 and FIGURE 18. These figures illustrate the comparative overall RMSE and AARE
for each family of NN and for the two optimization procedures developed at each prediction
horizon. However, to test if the differences in performance are statistically significant, both
Friedman and Wilcoxon tests were conducted for each prediction horizon (see the tests results
listed in APPENDIX A — APPENDIX D). The statistical analysis was conducted with the
SYSTAT statistical software package.

The Wilcoxon signed rank test is a nonparametric test that compares the median of one
column of numbers to a theoretical median. The test uses the difference between paired related
measurements (such as before and after, NN and NN-CBR) and evaluates whether the distribution

of the paired differences deviates from the zero value. Conversely, the Friedman test computes a
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Friedman two-way analysis of variance on selected variables. This test is a nonparametric
extension of the paired t test, where, instead of two measures, each subject has n measures (n > 2).
In this study the four measures (n=4) were considered. These measures were the prediction errors
associated with each traffic conditions combinations, based on predictions made by static NNs
separately, dynamic NN separately, static/dynamic NN optimization, and hybrid NN/CBR
optimization. In other terms, the Friedman statistic is used to test the hypothesis that there is no
systematic response or pattern across the variables.

The Friedman test showed that for all prediction horizons and all 38 cases, the prediction
performance of the four prediction optimization procedures were significantly different from each
other. In other words the null hypothesis, which is the four prediction methods errors come from
the same distribution, was rejected due to the fact that for all predictions horizons and considering

both performance measures, AARE and RMSE, compared with the table value for a 0.05 level of
significance ( x;,,,, = 7.82) the probability was smaller (<0.001 or less) assuming Chi-square

distribution with 3 degrees of freedom.

The Wilcoxon signed ranks test also showed that the two-sided probabilities using normal
approximation were less than 0.0005 (this is the threshold in SYSTAT) for all the cases when
comparing the NN optimal predictions with the NN-CBR optimized approach. In other words the
null hypothesis, which is the two performance measures medians are the same, was rejected at a
0.05 level of significance. These tests indicate that the reduction in RMSE and AARE of the

CBR-NN approach was significantly different from the other approaches.

6.3 PERFORMANCE ENVELOPES
For each of the four levels of prediction horizon the performance envelopes were plotted

for each case using the minimum and maximum values of AARE and RMSE. The performance
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FIGURE 18: RMSE-BASED PERFORMANCE OPTIMIZATION BY PREDICTION METHOD

envelopes, shown in FIGURE 19 and FIGURE 20, can be used to identify cases where prediction
errors do not meet a maximum acceptable threshold value that is appropriate for online
implementation. For instance, if AARE threshold value is set to 10%, then FIGURE 19 can be
used to identify all cases where optimal settings do not yield errors less than or equal to 10%.
Consequently, when such cases are encountered in real world, the high levels of uncertainty in

predictions will then be identified and, perhaps, eliminated entirely from traffic information
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dissemination systems. This is an essential requirement for the traveling public to maintain high

credibility in the prediction information disseminated by traffic management centers.
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FIGURE 20: PERFORMANCE ENVELOPES BASED ON RMSE
It should be emphasized here that the high errors associated with such cases may be
attributed to under-representation of those cases in the training data. This often leads to the
network’s inability to generalize under such conditions. Additional training with data collected

from conditions poorly represented could essentially lead to improvement in the overall



prediction performance. Even with the potential improvement of performance as a result of
additional training, it is reasonable to expect that there will be certain conditions where prediction
accuracy is practically unacceptable. For any traffic prediction system to be successfully
implemented, such conditions must be identifiable to recognize the limitations of the prediction

model.

6.4 EFFECT OF PREDICTION METHOD AND LTM COMPONENT

The optimal settings defined in the study included the prediction method, static or dynamic
ANNSs vs. CBR and the relevance of LTM component as input to the network. Another analysis
was carried out to identify the approach that is dominant in the optimal settings for each
prediction horizon, as shown in FIGURE 21. The figure shows that no specific prediction
approach appears to consistently dominate the optimal settings of all prediction horizons.
However, CBR is shown to outperform both ANNs families performance for 15- and 20-minute
predictions and to demonstrate comparable performance to the static NNs for 5-minute
predictions. The figure also shows that when all cases are combined, CBR outperforms the NN
approaches and dominates nearly 42% of the overall optimal settings. Practically, this means that
if one would consider only the NN approach, both dynamic and static networks, by employing the
CBR in a hybrid solution 42% of the of the cases are improved due to CBR.

Another important factor that was introduced in this study is the relevance of LTM
component and its impact on the model-based component prediction performance. As mentioned
earlier, the LTM component assists the network in retaining some of the historical information in
its weights during the training process. Such memory component is useful in predicting the onset
of congestion and in making longer-horizon predictions when predicted conditions are less

dependent on information relayed by the STM component. The inclusion of both components can
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essentially lead to a model capable of predicting recurrent (LTM component) and non-recurrent

conditions (STM component).
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FIGURE 21: FREQUENCY OF OPTIMAL PREDICTION ME THODS WITH PREDICTION HORIZONS
BASED ON AARE

FIGURE 22 illustrates the role of the LTM component in each prediction horizon. The figure
shows the percentage of cases whose optimal settings included the LTM component for the
optimization approach with and without CBR component. The figure clearly shows that the
relevance of LTM is more pronounced in longer-horizon predictions. Another interesting detail
depicted in FIGURE 22, is the evidence of the importance of the LTM factor in the optimal
settings. As can be easily seen from FIGURE 22 the percentage of cases with LTM in the optimal
settings drops when the CBR approach is considered.

The percentage of optimal settings with LTM component increases consistently with the
prediction horizon when the model-based approach, the NNs only respectively, is considered.

This trend suggests that the critical role of LTM in making predictions more accurate in longer
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FIGURE 22: EFFECT OF TIME FACTOR ON OPTIMAL SETTINGS

horizons. The reduction of LTM in the hybrid approach could be explained by the fact that the
role of LTM in potentially improving the prediction of the NNs in recurrent traffic conditions was
overtaken by the CBR predictor. However, the CBR have not taken control for all the cases with
LTM input active in the NN optimal settings. This is believed to happen due to insufficient
representation of the data in the CBR case base and due to limitation of the CBR to model traffic
conditions predictions with simple memory-based process, when traffic is more complex,
dynamic and rather non-stationary. Therefore, a hybrid model-based and memory-based traffic
prediction system would be more efficient than employing each of the two approaches separately.

In the next section more insights about the role of CBR are provided.
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6.5 EFFECT OF CBR ACROSS TRAFFIC CONDITIONS

More investigation about the role of CBR in the tested implementation of the hybrid system
revealed several interesting facts. FIGURE 23 and FIGURE 24 represent the percentage of cases
that were using CBR as AARE- and RMSE-based optimal predictor in the second testing set across
the 4 levels of traffic conditions considered. Interestingly enough, from the A4RE perspective
about 60% of the low congested conditions (speeds of 40-60 mph) and more than 40% of the mild
congested conditions (speeds of 20-40 mph) were improved by CBR prediction over the existing
NN optimal settings. In addition, the same conclusion is supported from the RMSE perspective
(see FIGURE 24), in which it can be seen that about 48% of the moderately congested conditions
were improved by CBR). In other words, the CBR predictor helps predict more efficiently the
behavior of traffic during transitions between two more stable states, free-flow conditions and

heavily congested conditions.
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FIGURE 23: AARE-BASED OPTIMAL CBR PREDICTION ACROSS TRAFFIC CONDITIONS
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The findings of the analysis prove that a hybrid prediction system that integrates a model-
based approach (such as artificial neural networks) and a memory-based approach (such as case-
based reasoning) will more effectively address the difficulty associated with short-term traffic
prediction during recurrent and non-recurrent conditions.

6.6 COMPARISON BETWEEN OPTIMAL AND NON-OPTIMAL
PERFORMANCE

Prediction performance was optimized under different network settings and various traffic
conditions. In order to quantify the performance improvements achieved by optimization with
traffic conditions versus optimization with network settings only, we compare the optimal to non-
optimal performance for each case. Non-optimal performance refers to optimization with
network settings only, without considering the traffic conditions optimization. This results in
selecting the best network topology and input settings for all traffic conditions. Optimal
performance in this section, on the other hand, refers to optimization with network settings and

traffic conditions. To facilitate the comparison, the reduction in errors of both scenarios was
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calculated. FIGURE 25 shows the relative percentage reduction in AARE for each prediction

horizon scenario.
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FIGURE 25: PERCENTAGE REDUCTIONS IN A4RE

The figure shows significant improvements in prediction performance as a result of
optimization with traffic conditions (for example, 100% percentage reduction means the
performance measure reduced its value to half due to optimization across traffic conditions). The
average improvement in terms of percentage reduction of errors was 12.3%, 21.5%, 27.5%, and
40.4% for 5-, 10-, 15-, and 20-minute predictions, respectively. Some improvements were as
high as 80% to 90% such as cases 7, 8, 9, and 19. Similar results were obtained in the
comparative evaluation of performance based on RMSE. A better illustration of the performance
improvements in all cases combined can be seen in FIGURE 26. The figure shows the
cumulative percentage of cases with a reduction in AARE that is less than or equal to a specific
value. For instance, the figures show that 60% of the cases showed improvements of 90% or less
in terms of AARE reduction. The steeper the curve the more cases with small reduction, the less

steeper the more cases with higher reduction in error. In FIGURE 26 an average of about 50%
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percent of the cases have reduction in AARE between 10% and 60%. Such improvements were
exclusively attributed to performance optimization with traffic conditions over optimization with

network settings only.
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FIGURE 26: REDUCTIONS IN A4RE BY OPTIMIZATION WITH TRAFFIC CONDITIONS
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7 SUMMARY AND CONCLUSIONS

This study presented an approach to optimize the performance of freeway traffic
prediction systems using a hybrid model-based and memory-based approach. The model-
based approach applied four static neural network architectures (MLP, Modular, Hybrid
PCA, and CANFIS) and three dynamic neural networks (Jordan/Elman, PRN, and
TLFN), trained and tested under various network settings. A case-based reasoning
(CBR) prediction system was used as a memory-based approach. The two approaches
were then integrated to build a hybrid short-term traffic prediction system. The input to
the ANNs was divided into two main components: short-term memory (STM) and long
term memory (LTM). The STM component was represented by spatiotemporal
information observed in the past 10 minutes and expressed in terms of 5 minute speed
averages.

The LTM component was represented by the time stamp associated with each STM
component in order to make the trained network time-cognizant. This technique was
primarily introduced to allow the networks to learn from the historical information on
traffic conditions during similar peak periods in the past. This was necessary to improve
the prediction performance during recurring conditions when future predictions are less
dependent on information encoded in the STM component. On the other hand,
considering the memory-like structure of a CBR prediction, the following features were
used to define each case in the case base: the traffic conditions at the target location; the
30-minute time window around the prediction moment; and the weekday for which the
prediction is performed. The performance of both approaches was measured in terms of

two types of errors: average absolute relative error - AARE, and root mean square error -
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RMSE. Ultimately the two predictors were integrated by a Prediction Query Manager
module based on the tested performance of each of the two approaches on a 10-day
sample dataset.

The improvement achieved by combining the model-based and memory-based
approaches was proved by statistical analysis. Two statistical tests commonly used for
testing the differences between two variables, Friedman and Wilcoxon tests, were
conducted for each prediction horizon. The Friedman test showed that for all prediction
horizons and all 38 cases, the prediction performance of the two optimization procedures
were significantly different from each other and with respect to each of the two NN
families employed separately in the prediction process. The Wilcoxon signed ranks test
also showed that the two-sided probabilities using normal approximation were less than
0.001 for most of the prediction horizons. This indicates that the reduction in RMSE and
AARE of the CBR-NN approach was significantly different from the other approaches.

For the model-based (neural network only) approach the optimal settings were
selected to minimize the prediction errors under different network settings, various traffic
conditions, and multiple prediction horizons. The optimal settings were based on the
testing results obtained from seven network topologies trained with the same data set.
The network settings were varied by changing the input type in the STM component and
toggling the LTM component for each of the four network topologies considered. Traffic
conditions were broken down into four levels at each of the three stations. This resulted
in a total of 25 combinations of different traffic conditions. Each of the 25 cases was
optimized independently in order to identify the optimal network topology and the

optimal network settings.
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For the CBR approach, the same testing set used for testing the level of
generalization of the NNs was employed, such that besides the previously mentioned
performance measures, 44RE and RMSE, a probability of occurrence measure was
defined. The probability of occurrence is defined as the number of similar cases found in
the case bases divided by the total number of possible cases. From the analysis of the
plot of the probability of occurrence versus the prediction errors a direct utility of the
probability of occurrence was identified. This means that a probability of occurrence
calculated for each new case presented to the CBR prediction system will give an
estimated maximum error of the prediction itself. This principle was used in the
implementation of the PQM component of the hybrid prediction system.

The study showed that from the NN perspective no particular network topology has
consistently outperformed the others for all prediction horizons and all cases. It was also
found that the performance optimization under different traffic conditions has the
advantage of identifying cases where none of the NN models were able to produce
acceptable performance. While additional training with more data may improve the
performance for some of those cases, it is still unequivocally critical to identify the major
limitations of the prediction model and the cases where its performance falls below the
minimum acceptable by traffic management centers. This is a critical issue to the
dissemination of reliable information to the public and for the successful implementation
of the prediction models.

Another important finding is the effect of the LTM component on the optimal
performance. The results showed that the LTM component was more frequently seen in
the optimal settings as the prediction horizon increases. An interesting observation is that

the importance of LTM drops in the hybrid system, for which the CBR component is
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expected to improve the performance from the memory perspective. Moreover, for the
model-based approach only nearly 48% of the cases included the LTM component in
their optimal settings for 20-minute predictions, as compared to 33% for S5-minute
predictions. This trend emphasizes the critical role of LTM in making predictions more
accurate in longer horizons. Finally, the study pointed out the comparative evaluation of
prediction performance under optimal and non-optimal traffic condition settings. Using
the reduction in AARE and RMSE the performance improvement in each case and for
each prediction horizon was evaluated. An average improvement in AARE was shown in
the range of 10% to 60% and as high as 80% to 90% for a few cases. The reduction in
RMSE was also shown to be relatively large.

Based on the analysis presented in this research study the following general

conclusions are drawn:

e short-term traffic prediction based on different artificial neural networks
architectures have been optimized across prevailing traffic conditions at the same
station, and both upstream and downstream stations, with respect to different
prediction horizons

e in addition, by using a long-term memory component, more improvement have
been achieved, with respect to recurrent and non-recurrent traffic conditions

e further improvements have been obtained, with respect to recurrent traffic
conditions, by employing a case-based reasoning approach integrated within a
hybrid traffic prediction system

One may consider the prediction approach presented in this thesis as starting point to

implement a travel-time estimation algorithm, a useful component of the ATIS

implementations at TMCs. The proved improvement of point estimates of the speed in
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short-term speed prediction should lead to more reliable travel-time forecasts, assuming a

good efficiency of the forecasting algorithms.
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8 FUTURE WORK

This study presented an approach for the development of a more efficient traffic
prediction system integrating multiple neural network topologies with CBR and traffic
condition settings. The conclusions presented in this paper are primarily based on the
optimization results derived from the testing data set. Generalization can only be made
by assuming that the testing data set is a truly representative and unbiased sample. To
verify this assumption, further testing can be made using a larger testing data set. Also,
the approach presented in this paper was extensively examined at one location. Based on
the results, the approach can be applied to other locations as well. For locations that
exhibit similar traffic conditions during the peak periods, the settings obtained in this
study may be transferred directly without retraining. However, testing is recommended
with data collected from the other locations prior to testing the transferability. If the
testing results are not satisfactory, then the current settings may not be applicable without
additional performance optimization at the new location by following the steps described
in this study. On the other hand, the developed hybrid prediction system is limited to the
point traffic conditions prediction. Further research may be conducted in the direction of
studying a travel-time link- or path-based prediction system starting from the findings

presented in this thesis.
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APPENDIX A — AARE-BASED WILCOXON SIGNED RANK TEST
RESULTS

Wilcoxon Signed Ranks Test Results (5MIN AARE)
Counts of differences (row variable greater than column)

NN OPTIMIZED NN CBR
NN OPTIMIZED 0 17
NN CBR 0 0
7Z = (Sum of signed ranks)/square root (sum of squared ranks)
NN OPTIMIZED NN CBR
NN _OPTIMIZED 0.000
NN CBR -3.622 0.000

Two-sided probabilities using normal approximation

NN OPTIMIZED NN CBR
NN OPTIMIZED 1.000
NN CBR 0.000 1.000

Wilcoxon Signed Ranks Test Results (10MIN AARE)
Counts of differences (row variable greater than column)

NN OPTIMIZED NN CBR
NN OPTIMIZED 0 14
NN CBR 0 0
Z = (Sum of signed ranks)/square root (sum of squared ranks)
NN OPTIMIZED NN CBR
NN OPTIMIZED 0.000
NN CBR -3.296 0.000

Two-sided probabilities using normal approximation

NN OPTIMIZED NN CBR
NN OPTIMIZED 1.000
NN CBR 0.001 1.000
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Wilcoxon Signed Ranks Test Results (15MIN AARE)

Counts of differences (row variable greater than column)

NN OPTIMIZED NN CBR
NN OPTIMIZED 0 18
NN CBR 0 0
Z = (Sum of signed ranks)/square root (sum of squared ranks)
NN OPTIMIZED NN CBR
NN OPTIMIZED 0.000
NN CBR -3.724 0.000

Two-sided probabilities using normal approximation

NN OPTIMIZED NN CBR
NN OPTIMIZED 1.000
NN CBR 0.000 1.000

Wilcoxon Signed Ranks Test Results (20MIN AARE)

Counts of differences (row variable greater than column)

NN OPTIMIZED NN CBR
NN _OPTIMIZED 0 16
NN CBR 0 0
7Z = (Sum of signed ranks)/square root (sum of squared ranks)
NN OPTIMIZED NN CBR
NN _OPTIMIZED 0.000
NN CBR -3.516 0.000

Two-sided probabilities using normal approximation

NN OPTIMIZED NN CBR
NN OPTIMIZED 1.000
NN CBR 0.000 1.000
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APPENDIX B - RMSE-BASED WILCOXON SIGNED RANK TEST
RESULTS

Wilcoxon Signed Ranks Test Results (5MIN RMSE)

Counts of differences (row variable greater than column)

NN OPTIMIZED NN CBR
NN OPTIMIZED 0 17
NN CBR 0 0
Z = (Sum of signed ranks)/square root (sum of squared ranks)
NN OPTIMIZED NN CBR
NN OPTIMIZED 0.000
NN CBR -3.622 0.000

Two-sided probabilities using normal approximation

NN OPTIMIZED NN CBR
NN OPTIMIZED 1.000
NN CBR 0.000 1.000

Wilcoxon Signed Ranks Test Results (10MIN RMSE)

Counts of differences (row variable greater than column)

NN OPTIMIZED NN CBR
NN _OPTIMIZED 0 12
NN CBR 0 0
7Z = (Sum of signed ranks)/square root (sum of squared ranks)
NN OPTIMIZED NN CBR
NN _OPTIMIZED 0.000
NN CBR -3.059 0.000

Two-sided probabilities using normal approximation

NN OPTIMIZED NN CBR
NN OPTIMIZED 1.000
NN CBR 0.002 1.000




Wilcoxon Signed Ranks Test Results (15MIN RMSE)

Counts of differences (row variable greater than column)

NN OPTIMIZED NN CBR
NN OPTIMIZED 0 20
NN CBR 0 0
7Z = (Sum of signed ranks)/square root (sum of squared ranks)
NN OPTIMIZED NN CBR
NN OPTIMIZED 0.000
NN CBR -3.920 0.000

Two-sided probabilities using normal approximation

NN OPTIMIZED NN CBR
NN OPTIMIZED 1.000
NN CBR 0.000 1.000

Wilcoxon Signed Ranks Test Results (20MIN RMSE)

Counts of differences (row variable greater than column)

NN OPTIMIZED NN CBR
NN OPTIMIZED 0 14
NN CBR 0 0
Z = (Sum of signed ranks)/square root (sum of squared ranks)
NN OPTIMIZED NN CBR
NN OPTIMIZED 0.000
NN CBR -3.296 0.000

Two-sided probabilities using normal approximation

NN OPTIMIZED NN CBR
NN _OPTIMIZED 1.000
NN CBR 0.001 1.000
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APPENDIX C — AARE-BASED FRIEDMAN TWO-WAY ANALY SIS
OF VARIANCE RESULTS

Friedman Two-Way Analysis of Variance Results for 38 cases (5MIN AARE).

Variable Rank Sum
STATIC NN 109.000
DYNAMIC NN 109.000
NN OPTIMIZED 91.000
NN CBR 71.000
Friedman Test Statistic = 15.537
Kendall Coefficient of Concordance = 0.136
Probability is 0.001 assuming Chi-square distribution with 3 df

Friedman Two-Way Analysis of Variance Results for 38 cases (10MIN AARE).

Variable Rank Sum
STATIC NN 110.500
DYNAMIC NN 114.500
NN OPTIMIZED 87.000
NN CBR 68.000
Friedman Test Statistic = 22.318
Kendall Coefficient of Concordance = 0.196
Probability is 0.000 assuming Chi-square distribution with 3 df

Friedman Two-Way Analysis of Variance Results for 38 cases (15MIN AARE).

Variable Rank Sum
STATIC NN 98.000
DYNAMIC NN 136.000
NN OPTIMIZED 86.000
NN CBR 60.000
Friedman Test Statistic = 47.305
Kendall Coefficient of Concordance = 0.415
Probability is 0.000 assuming Chi-square distribution with 3 df

Friedman Two-Way Analysis of Variance Results for 38 cases (20MIN AARE) .

Variable Rank Sum
STATIC NN 106.500
DYNAMIC NN 113.000
NN OPTIMIZED 91.000
NN CBR 69.500
Friedman Test Statistic = 17.724
Kendall Coefficient of Concordance = 0.155
Probability is 0.001 assuming Chi-square distribution with 3 df
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APPENDIX D — RMSE-BASED FRIEDMAN TWO-WAY ANALYSIS
OF VARIANCE RESULTS

Friedman Two-Way Analysis of Variance Results for 38 cases (5MIN RMSE) .

Variable Rank Sum
STATIC NN 100.500
DYNAMIC NN 122.000
NN OPTIMIZED 92.000
NN CBR 65.500
Friedman Test Statistic = 18.663
Kendall Coefficient of Concordance = 0.164
Probability is 0.000 assuming Chi-square distribution with 3 df

Friedman Two-Way Analysis of Variance Results for 38 cases (10MIN RMSE).

Variable Rank Sum
STATIC NN 106.000
DYNAMIC NN 115.000
NN OPTIMIZED 89.000
NN CBR 70.000
Friedman Test Statistic = 23.368
Kendall Coefficient of Concordance = 0.205
Probability is 0.000 assuming Chi-square distribution with 3 df

Friedman Two-Way Analysis of Variance Results for 38 cases (15MIN RMSE) .

Variable Rank Sum
STATIC NN 91.000
DYNAMIC NN 123.000
NN OPTIMIZED 97.000
NN CBR 69.000
Friedman Test Statistic = 25.871
Kendall Coefficient of Concordance = 0.227
Probability is 0.000 assuming Chi-square distribution with 3 df

Friedman Two-Way Analysis of Variance Results for 38 cases (20MIN RMSE) .

Variable Rank Sum
STATIC NN 102.000
DYNAMIC NN 121.000
NN OPTIMIZED 95.000
NN CBR 62.000
Friedman Test Statistic = 28.642
Kendall Coefficient of Concordance = 0.251
Probability is 0.000 assuming Chi-square distribution with 3 df
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