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Short-term traffic flow prediction, including level and uncertainty prediction, is a key 

component of proactive traffic control in the intelligent transportation systems (ITS). 

In particular, predicting traffic flow uncertainties can provide more valuable 

information for traffic managers to make reasonable decisions than predicting traffic 

levels. In this study, an improved grey prediction model was applied to predict traffic 

flow uncertainties by integrating both smooth pre-processing and background value 

construction with the traditional grey prediction model. In addition, a spectrum of data 

collection time intervals was tested to determine the model-specific time intervals for 

measuring the impact of time interval length on traffic forecasting. 
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Introduction 

 

Accurate prediction of short-term traffic flow is important for proactive traffic 

control systems [1]. Short-term traffic prediction includes both level prediction and 

uncertainty prediction; and uncertainty prediction of traffic flow can be more valuable 

for informed decision-making than level prediction [2]. Past literature shows that the 

studies of traffic uncertainty prediction primarily rely on linear stochastic time series 

models for confidence interval estimation, such as the Bootstrap method [3-4], the 

Stochastic Volatility method [5-6], and the GARCH model [7-8]. On the other hand, the 

grey theory proposed by Deng [9] offers an alternative approach to predicting traffic 

flow uncertainties. It is now one of the most widely used methods for constructing the 

interval range of time series data [10-12]. 

In the process of short-term traffic prediction, data collection interval serves as 

both the aggregation interval of traffic flow and the prediction horizon for one-step-

ahead prediction [13]. The accuracy of traffic prediction results depends on data 

collection time intervals [14] and different applications require different data collection 

time intervals. Understanding the impact of data collection time interval on short-term 

traffic prediction can provide insights into model performance and application. 

The objective of this study is to investigate the accuracy and validity of 

uncertainty prediction results under different time intervals by using an improved grey 

prediction model. Traffic flow data were collected from an urban freeway in Edmonton, 

Canada. As a comparison, the traditional grey prediction model and fuzzy information 



granulation method were estimated and compared with the improved grey prediction 

model. And two indicators, the mean kick-off percentage (KP) and width interval (WI), 

were used to measure model performance.  

 

 

 

Methodology 

 

The traditional grey prediction model can yield a satisfactory prediction accuracy 

when modeling a monotonic increasing (or decreasing) data sequence [15-17]. 

However, traffic flow data series are volatile, and it is necessary to improve the grey 

prediction model to accommodate the volatility. The improved grey prediction model 

extends the traditional grey model by adding two techniques: smooth pre-processing 

and background value construction. The modeling procedure is described as follows. 

 

Step 1 Smooth pre-processing 

Suppose that the traffic flow sequence is 𝑋(0) = (𝑥(0)(1), 𝑥(0)(2), ⋯ , 𝑥(0)(𝑛)). 

Set 𝑀 = max{𝑥(0)(𝑡)} ,  𝑚 = min{𝑥(0)(𝑡)} , and the volatility amplitude can be 

calculated as T=M-m. The structure of smooth pre-processing is as below. 

𝑦(0)(𝑡) =
[𝑥(0)(𝑡)+𝑇]+[𝑥(0)(𝑡+1)+𝑇]

4
, 𝑡 = 1,2, ⋯ , 𝑛                (1)                   

Thus, the sequence 𝑌(0) = (𝑦(0)(1), 𝑦(0)(2), … , 𝑦(0)(𝑛 − 1))  is called 

smoothness sequence. We can further obtain the accumulation sequence 𝑌(1) =

(𝑦(1)(1), 𝑦(1)(2), ⋯ , 𝑦(1)(𝑛)) by using the basic first-order accumulated generating 

operation (1-AGO) structure [18-19]processing is defined as in Eq. (2). 

𝑦(1)(𝑡) = ∑ 𝑦(0)(𝑖)𝑡
𝑖=1 , 𝑖 = 1,2, ⋯ , 𝑡                 (2) 

 

Step 2 Background value construction 

The background value sequence 𝑍(1) = (𝑧(1)(1), 𝑧(1)(2), … , 𝑧(1)(𝑛 − 1)) can 

be yielded based on the 𝑌(1)  by using the background value construction of three-

parameter to alleviate the volatility by the Eq. (3).  

𝑧(1)(𝑡) =
𝑦(1)(𝑡)+𝑦(1)(𝑡−1)+𝑦(1)(𝑡−2)

3
, 𝑡 = 3,4, ⋯ , 𝑛      (3) 

 

Step 3 Model parameter calibration 

The basic form of improved grey prediction model is given as. 

𝑦(0)(𝑡) + 𝑎𝑧(1)(𝑡) = 𝑡𝑏 + 𝑐                        (4) 

Substituting Eq. (3) to Eq. (4), the improved grey prediction model is given as. 

𝑦(0)(𝑡) +
1

3
𝑎 (𝑦(1)(𝑡) + 𝑦(1)(𝑡 − 1) + 𝑦(1)(𝑡 − 2)) = 𝑡𝑏 + 𝑐    (5) 

Where 𝑎, 𝑏, 𝑐  is coefficients of improved grey prediction model. And the 

coefficients are estimated by using the least squares estimate method [20]. 

Substituting 𝑦(0)(𝑡) = 𝑦(1)(𝑡) − 𝑦(1)(𝑡 − 1)to Eq. (5), we can obtain. 

𝑡𝑏 + 𝑐 −
1

3
𝑎 (𝑦(1)(𝑡) + 𝑦(1)(𝑡 − 1) + 𝑦(1)(𝑡 − 2)) =  𝑦(1)(𝑡) − 𝑦(1)(𝑡 − 1)  (6) 

Then, the traffic flow prediction sequence can be yielded, which be referred to as 

𝑌̂(1) = (𝑦̂(1)(1), … , 𝑦̂(1)(𝑡)). 



{

𝑦̂(1)(𝑡) =
3−𝑎

3+𝑎
𝑦̂(1)(𝑡 − 1) −

𝑎

3+𝑎
𝑦̂(1)(𝑡 − 2) +

3𝑏

3+𝑎
𝑡 +

3𝑐

3+𝑎

𝑦̂(1)(1) = 𝑦(0)(1)

𝑦̂(1)(2) = 𝑦(0)(2)

    (7) 

 

Step 4 Residual sequences generation 

The residual prediction sequence is 

𝑅(0) = 𝑌̂(1) − 𝑌(1)                               (8) 

 

Step 5 Residual sequence partition and prediction 

We use the line of 𝑅(0) = 0 as the dividing line to divide the residual sequence 

into two groups. If 𝑟(0)(𝑡) > 0 (or 𝑟(0)(𝑡) < 0), then the residual sequence is named 

upper (or lower) residual sequence, and expresses as 𝑅U
(0)

(or 𝑅L
(0)

). The two groups of 

residual sequences are predicted by using the improved grey prediction model. The 

prediction interval of the residual is [𝑅̂U
(0)(𝑡)    𝑅̂L

(0)
(𝑡)]. 

 

Step 6 Uncertainty prediction results generation 

The forecast interval of the proposed model is created as follows: 

𝐼 = [(𝑦̂(1)(𝑡) − 𝑅̂L
(0)

(𝑡)), (𝑦̂(1)(𝑡) + 𝑅̂U
(0)(𝑡))]      (9) 

 

Results 

 

With the uncertainty prediction results, the validity of improved grey prediction 

model is demonstrated. It is found that all the generated prediction intervals vary by 

time of day. And the prediction interval range under different time interval is analyzed. 

The KP and WI under different time intervals are presented to compare models. 

Although the three models have different results, their performances are comparable 

when considering time interval as a key factor of forecasting performance. It is worth 

noting that the improved grey prediction model for interval prediction is not explicitly 

built upon statistical distributions, which implies that the confidence level cannot be 

associated with the prediction interval.  

 

Conclusions 

 

An improved grey prediction model was applied to quantify the uncertainty of 

short-term traffic flow. The uncertainty prediction results and model performance were 

calculated and analyzed for three different models under different time intervals. The 

main contributions of the study are: a) an improved grey prediction model that considers 

the volatility of traffic data; and b) the successful construction of uncertainty prediction 

results under different time intervals. However, the proposed model does not have an 

on-line forecasting capability and the KP and WI are not uniform performance measures. 

The future research will be focused on a) new adaptation mechanisms via which the 

proposed model could yield real-time prediction; and b) further investigation on 

uniform performance measures to evaluate the uncertainty prediction. 
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