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Abstract: Real-time and accurate short-term traffic flow prediction, a critical technical problem in traffic control
and guidance which is challenging and needs to be solved urgently in related research fields and engineering
practice, still remains because of the hardship caused by the uncertainty and the temporal variability in traffic
flow datasets acquired in different times. In order to improve the performance of the short-term traffic flow
prediction, a new method based on similar data aggregation techniques and a modified KNN algorithm with
varying K-value (KNN-SDA) was proposed and the related algorithm was also implemented and tested on actual
measured datasets in this paper. Firstly state vectors were generated from the preprocessed traffic flow datasets
by calculating the optimal time delay with the help of the mutual information theory. Each of our state vectors is
composed of two parts, the first one of which is a regular state vector and the second one of which is a modified
state vector which makes a contribution to a higher similarity between our state vectors and those in training
datasets. Subsequently a historical traffic flow database of temporal series was constructed on the basis of results
mentioned above for further experiments. After that, the proposed similar data aggregation techniques were
applied to aggregate and clean data to obtain 144 training data sets in different times from historical traffic flow
database, which would effectively improve the prediction accuracy and efficiency of the proposed algorithm. At
last, the optimal K- values, each of which corresponded to a moment, were determined through the cross
validation method. So far, the overall process of the KNN-SDA algorithm with varying K- value has been
completed. In order to verify the performance of the proposed method, we compared the experimental results
derived from our method with those from three other ones. It turns out that the KNN-SDA algorithm with
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varying K- value proposed in this article can improve the prediction accuracy significantly and ensure high
execution efficiency as well.

Key words: short-term traffic prediction; mutual information method; similar data aggregation; KNN; cross
validation
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Tab. 4 Error comparison of prediction results

RS MAE  MAPE/% RMSE EC HsF ] /s

KNN 16.01 8.41 641.64  0.898 14.59
SVR 14.84 7.72 536.68  0.935 5.86
BP 13.08 6.70 37879  0.943 6.31

KNN-SDA 11.75 6.22

FH ¢ 4 A 1T, KNN-SDA B3k 1 4 FhiEM F8hr 4
P F HoAt 3 Fh A1, 136 W] KINN-SDA 550 % fit 90 2%
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LAY EC{H 2T 1, P WA ) 0 1 5 S PR
I T, AR5 SVR BP AL L , A S
i3 HP, {H I /N T KNN BV | 1A SO KNN
SR AR A B e i SR A TR

Sk TR UL S ke 3 R A O 25 SR 5 SRR
B Z AR 22 5 6 e = 3 A T 25 51, AR SR
2016 4F 6 J] 24 H 2= KR i 22 @ %54 R i, 7218 6 4y
SN B A i i % 3 AL TN A 3G i

MAE S SEARTIOM AR X A2 b A E R TR
26400 B 2Rk B, KNN-SDA 5 1 T 45 3 5
LS A 38 Ui e FUA B B A AT, AR AR 2SI T i 4k
SR I (i 22 58 KAk ) i 24, i Al 3 b A9 0 H &
SVR Fik A I 4k A7 A6 38 2 580, 17 KNN 55
T TN AR D 5 S A8 3 I (22 1) A B
7%, KNN-SDA BE A F oAt 3 B3k i R Ry
(D KNN 59 Fe e F ik Jo piof 22 388 3t T 3 2%
HAWAR A E R AEL PR 8 @ A 4K
144 A~BF 2043 300 43 e A BR AN SR B S 5 KM, =
B E LA KNN-SDA B2 HE % 5 hn v i g
R BN D s B

332,55 0.949 6.17
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Fig. 6 Prediction results of different models
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