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ABSTRACT 

Aiming at the problem of deep learning prediction model calculations, on the basis of fully mining the spatio-

temporal correlation of traffic big data. In this paper short-term traffic flow prediction model based on a combined 

k-nearest neighbors and Broad Learning System (KNN-BLS) is proposed. The KNN algorithm is used to monitor 

the K road sections with high temporal and spatial correlation. The traffic flow data of California Department of 

Transportation database the selected road section is used as the target and testing of the KNN-BLS model to 

predict respectively. The simulation results show that the proposed model reduces the average root mean square 

error by 39.72% compared with the ARIMA, LSTM, and KNN-LSTM models, and the root mean square error 

(RMSE) is the minimum value of K as the final predicted value. In addition, the computational efficiency is 

significantly improved by 17.4%.  

KEYWORDS 

traffic flow prediction, deep learning, deep learning, spatio-temporal correlation 

INTRODUCTION 

With the development and progress of society, intelligent transportation systems have been widely used in life. 

They play an important and unique role in traffic flow forecasting, transportation system optimization, vehicle 

priority control, and transportation system safety. At present, the problem of traffic flow prediction is mainly 

focused on the two issues of feature extraction and model selection. Feature extraction is mainly to extract the 

information contained in the existing traffic flow data, mainly in terms of time feature information and spatial 

feature information. The model selection is mainly based on the different types and methods of feature extraction 

to select appropriate models to predict the traffic flow on the road. The short-term traffic flow prediction models 

and methods can be summarized as three categories: statistical methods-based models, intelligent models, and 

combined models. In [1] used the seasonal differential autoregressive moving average model to port ship traffic 

flow is predicateed. The short-term traffic flow prediction model based on statistical methods is mature in theory 

and simple in application, but it is mainly for linear and stable data.  

Many researchers are trying to apply deep neural network methods to predictions related to traffic flow, such as 

the prediction model based on long short-term memory network (LSTM) [2] and the hybrid deep learning model 

https://en.wikipedia.org/wiki/K-nearest_neighbors_algorithm
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based on SVR [3]. However, which deep neural network is the most suitable model for traffic flow prediction is 

still under discussion. For non-linear traffic flow data affected by various factors, its prediction results are not 

accurate [4]. With the rapid rise of machine learning, intelligent models represented by artificial neural networks 

(ANN) [5] and Support Vector Machines have emerged. In [6] improved the Artificial Bee Colony algorithm, 

changed the search strategy of hired bees, improved the global search ability, and further used the radial basis 

function neural network to predict traffic flow. In [7] established an adaptive multi-kernel SVM model is 

composed of a gaussian kernel function and a polynomial kernel function. The weights of the two kernel functions 

are updated in real time according to the change trend of traffic flow data input in real time, and the time and 

space correlation of traffic flow data is used.  

In order to further improve the prediction accuracy of traffic flow data, more and more combined prediction 

models have also appeared in people's field of vision. In [8] used the kernel principal component analysis method 

to preprocess the input traffic flow data, and used SVM to predict the traffic flow on different working days. In 

[9] used the time series model ARMA and ARIMA to predict the detection speed at different times of the road 

section, and further used the back propagation neural network to weight the two prediction results to achieve the 

final prediction. In [10] used the Discrete Fourier Transform algorithm to decompose traffic flow data into 

common trends and residual components. The common trends were predicted by extreme extrapolation, and the 

residual components were passed through the Support Vector Regression (SVR) model. The combined model is 

also affected by the characteristics of the traffic data and the combination method, but is not universal. In view of 

the non-linear and complex characteristics of expressway traffic flow data, many methods are not very realistic in 

the extraction of time features, and the impact of other factors on flow prediction has not been considered [11].  

In deep learning, the most mainstream structures are deep learning neural network [12], deep Boltzmann machine 

[12] and convolutional neural network [13]. Although deep structures show extraordinary power, almost all deep 

structures contain a large number of parameters and complex structures and require a very time-consuming 

training process. At the same time, training methods based on backpropagation and gradient descent are prone to 

slow convergence and Trapped in the problem of local optimality. In order to obtain higher accuracy of the deep 

structure, most of the work is focused on adjusting the hyperparameters and further deepening the structure. In 

[14] proposed an artificial neural network for power prediction, and its realization got rid of the feature that was 

too dependent on artificial experience to extract. In [15] proposed a kernel function extreme learning machine 

model based on genetic algorithm to solve the shortcomings of traditional neural network algorithms that are slow 

in execution and easy to fall into local optimum.  

Compared with the traditional stacked fusion model [16] and a single deep learning model, the a discrete wavelet 

neural network model not only retains the advantages of multi-level discrete wavelet decomposition in frequency 

learning, but also can analyze the wavelet basis matrix coefficients and all other neural networks in the framework 

of deep neural networks. In [17] introduced the Recurrent Neural Network (RNN) to predict the short-term power 

of the power system, but it did not solve the problem that the model would suffer from local optimization, which 

led to poor training effects. In [18] used KNN to calculate the K neighboring sites most relevant to the test site, 

constructed a suitable data set and substituted it into the LTSM model to achieve the prediction of the target site. 
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Because the deep structure model is complex and involves a large number of hyperparameters, the network 

training process is very time-consuming, and it is difficult to meet the real-time requirements of traffic flow 

sequence prediction. In addition, in order to obtain higher accuracy, the deep structure is constantly superimposed 

on the number of layers, resulting in deep layers. The theoretical analysis of the structure becomes very difficult. 

In [19] proposed a BLS to overcome the problems of deep learning because of its simple structure and fast 

calculation speed, the deep model is gradually applied to image classification [19], time series prediction [20] and 

other fields.  

This paper proposes a KNN-BLS combined model short-term traffic flow prediction method based on the deep 

model and using the temporal and spatial correlation of traffic flow data. The KNN algorithm is used to screen 

the K road sections with high temporal and spatial correlation with the predicted road section, and the traffic flow 

data of the selected K road sections are used as the input of the BLS model to predict respectively, and the 

prediction results are weighted and fused to achieve error correction, and the average root error is the result 

corresponding to the K value at the minimum hour is used as the final predicted value. The trained prediction 

model can predict the actual traffic flow information, and finally obtain more accurate traffic flow information. 

The test results of the traffic flow data measured by the Performance Measurement System traffic database of the 

California Department of Transportation show that the proposed method reduces the prediction error by an average 

of 39.72%, while the computational efficiency is improved by 17.4%.  

BACKGROUND 

First, the construction process of BLS structure is given, and then two optimization methods used in BLS are 

given: ridge regression learning algorithm [17] and sparse autoencoder [18], both of which are important 

guarantees for the excellent learning ability of BLS. 

Broad learning model 

The basic structure of BLS is built on the traditional RVFLNN, but unlike RVFLNN that directly uses the original 

input data to build an enhanced node, BLS first maps the input into a series of mapping nodes, and then uses the 

mapping node to build an enhanced node, and the mapping node and the enhanced node form a joint Nodes, and 

finally combine the nodes and the output layer to establish a linear connection. Suppose that the input data 𝑋 

contains 𝑁 samples, and the feature dimension of each sample is 𝐷, that is, 𝑋 ∈ 𝑅𝑁×𝐷. Use Y to represent the 

corresponding target matrix, and the number of categories is 𝐶, that is, 𝑌 ∈ 𝑅𝑁×𝐷. Assuming that each group of 

mapping nodes contains 𝑘 child nodes, the i-th group of mapping nodes can be expressed as 

𝑀𝑖 = 𝜙𝑖(𝑋𝑊𝑒𝑖
+ 𝛽𝑒𝑖

) 𝑖 = 1, … . , 𝑛        (1) 

Where 𝜙𝑖is the mapping function; 𝑊𝑒𝑖  and 𝛽𝑒𝑖  are the weight matrix and bias matrix randomly generated on a 

specific distribution, namely 𝑊𝑒𝑖 ∈ 𝑅𝑀×𝑘 and 𝛽𝑒𝑖 ∈ 𝑅𝑁×𝑘, then n groups The mapping node can be expressed 

as 𝑀𝑛 ≡ [𝑀1, 𝑀2, … , 𝑀𝑛] , that is, 𝑀𝑛 ∈ 𝑅𝑁×(𝑘×𝑛) . Similarly, assuming that each group of enhanced nodes 

contains r child nodes, the j-th group of enhanced nodes can be expressed as 

𝐸𝑗 = 𝜉𝑖(𝑀𝑝𝑊ℎ𝑗
+ 𝛽ℎ𝑗

) 𝑖 = 1, … . , 𝑚        (2) 
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Where: 𝜉𝑗  is a nonlinear activation function; 𝑊ℎ𝑗  and 𝛽ℎ𝑗  are the weight matrix and bias matrix randomly 

generated on a specific distribution, namely 𝑊ℎ𝑗 ∈ 𝑅(𝑘×𝑛)×𝑟  and 𝛽ℎ𝑗 ∈ 𝑅𝑁×𝑟. Then the m groups of enhanced 

nodes can be expressed as 𝐸𝑚 ≡ [𝐸1, 𝐸2, … , 𝐸𝑚], that is, 𝐸𝑚 ∈ 𝑅𝑁×(𝑟×𝑚).  

Correspondingly, the joint node is expressed as 

𝑈 ≡ [𝑀𝑛|𝐸𝑚]       (3) 

Since the joint node and the output layer have established a linear connection, the entire Broad model can be 

expressed by the following  

𝑈 ≡ [𝑀1, 𝑀2, … , 𝑀𝑛|𝐸1, 𝐸2, … , 𝐸𝑚] = 𝑈𝑊       (4) 

Where: 𝑊 is the weight of the joint node and the output layer, which can be quickly obtained by solving the 

pseudo-inverse 

𝑊 = 𝑈†𝑌       (5) 

Where: 𝑈† is the pseudo-inverse of 𝑈. Figure 1 shows the classic Broad learning structure. 

 

Figure 1. Classic Broad learning structure 

Ridge regression learning algorithm 

The deep learning algorithm is a new machine learning algorithm to extract the original data through feature 

extraction to generate mapping features, and further form feature nodes, and expand the mapping features to 

generate enhanced nodes based on the output and connected features. The typical deep learning network structure 

is shown in Figure 1. Figure 1, it can be found that compared with the deep learning model, the deep model does 

not need to use the gradient descent algorithm for multiple iterations, but calculates the pseudo-inverse of the 

input layer and the output layer, obtains the connection weight, and further obtains the network output, thereby 

effectively reducing the amount of calculations. In the Broad network, solving the pseudo-inverse is a very 

convenient method to obtain the weight of the output layer of the network. There are many different methods that 

can be used to solve pseudo-inverses, such as orthogonal projection, singular value decomposition, and 

orthogonalization [19], but considering the size of the joint node, the direct solution method is too expensive, 

especially the surface For a large number of training samples [9], the ridge regression algorithm has become an 

ideal method to solve the pseudo-inverse 𝑈†, and the formula is expressed as: 



 Short-Term Traffic Flow Prediction Model Based On K-Nearest Neighbors And Deep Learning Method 

117 

 

                                                         (6) 

Where ℎ = 𝑘 × 𝑛 + 𝑟 × 𝑚, the number of hidden nodes; 𝐼 is the identity matrix; 𝜆 is the regularization term. 

KNN algorithm 

KNN algorithm is an algorithm that measures the similarity between historical points and current points in space. 

Because of its fast calculation speed and simple operation, it is widely used in different research fields. The core 

idea is to calculate the distance between different state points and find the K historical points that are closest to 

the current point. Commonly used methods to calculate distance include Euclidean distance, Huffman distance, 

Mahalanobis distance, etc. Since Euclidean distance reflects the overall similarity, in this paper, Euclidean distance 

is used to select the spatial correlation of traffic flow data. 

𝑑𝑖 = ‖𝑆𝑖 − 𝑆𝑜‖2 = √∑ (𝑠𝑖(𝑗) − 𝑠𝑜(𝑗))2𝑗
𝑖=1         (7) 

Where, 𝑆𝑖 represents the traffic flow data of the i-th detected road segment, 𝑆𝑜 represents the traffic flow data 

of the predicted road segment, 𝑠𝑖(𝑗)  and 𝑠𝑜(𝑗)  represent the traffic flow collected at the i-th detected road 

segment and the predicted road segment at time 𝑗, respectively data. 

PROPOSED MODEL 

Assuming that a given road network contains M sections, the traffic flow data of the m-th detected road section 

on different days is denoted as 𝑆𝑚. The data collected on different road sections on the same day for consecutive 

𝐷 weeks. The traffic flow 𝑆 is used as the test data as follows: 

𝑆 = [𝑆𝑚 𝑆𝑜]𝑁𝐷×𝑀        (8) 

𝑆𝑚 = [

𝑥1(1) 𝑥2(1)
𝑥1(1) 𝑥2(1)

… 𝑥𝑚(1)
… 𝑥𝑚(2)

⋮ ⋮
𝑥1(𝑁𝐷) 𝑥2(𝑁𝐷)

… ⋮
… 𝑥𝑚(𝑁𝐷)

]         (9) 

𝑆𝑜 = [

𝑥𝑜(1) 𝑥1(1)
𝑥𝑜(1) 𝑥1(1)

… 𝑥𝑀(1)
… 𝑥𝑀(2)

⋮ ⋮
𝑥0(𝑁𝐷) 𝑥1(𝑁𝐷)

… ⋮
… 𝑥𝑀(𝑁𝐷)

]        (10) 

Where, 𝑠𝑚 (𝑗) and 𝑠𝑜 (𝑗) respectively represent the detected road section 𝑚(1𝑚𝑀) and the predicted road 

section at 𝑗(1𝑗𝑁) on the 𝑑(1𝑑𝐷) day.  

In order to express the traffic flow data obtained from time-to-time detection, the traffic flow data of different 

detected road sections and predicted road sections traffic flow data for consecutive 𝐷 days are represented as 

𝑥𝑚(𝑛) and 𝑥𝑜(𝑛)，𝑛=1,2, . . . , 𝑁𝐷. 

To calculate the Euclidean distance 𝑑𝑚 between the traffic flow data D-1 week before the m-th detected road 

section and the predicted road section respectively, and screen the 𝐾  groups of road sections that are most 

relevant to the predicted road section, denoted as 𝑋𝑘, where 𝑘 =  1,2, . . . , 𝐾. 
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𝑑𝑚 = √∑ (𝑥𝑚(𝑛) − 𝑥0(𝑛))2𝑁(𝐷−1)
𝑛=1        (11) 

The BLS model, 𝑇𝑅𝑘𝑖𝑛𝑝𝑢𝑡, and𝑇𝑅𝑘𝑜𝑢𝑡𝑝𝑢𝑡construct the training input and output respectively for the selected K 

road sections and 𝑇𝑅𝑘𝑜𝑢𝑡𝑝𝑢𝑡represents test input the prediction step length as follows. 

       (12) 

       (13) 

       (14) 

Substituting Eqs (1)-(5), into Eq (14) and predicting the traffic flow of the predicted road section respectively, and 

obtaining the prediction input result with the k-th road section. Different 𝐾  groups of prediction results are 

weighted, and the weighted value of the corresponding 𝐾 value when the average root error is the smallest is 

used as the final traffic flow predicted a s follows: 

�̂�𝑜 = 𝑚𝑖𝑛 {∑ 𝑐𝑘�̂�𝑜𝑘

𝑘1
𝑘=1 , ∑ 𝑐𝑘�̂�𝑜𝑘

𝑘2
𝑘=1 , … , ∑ 𝑐𝑘�̂�𝑜𝑘

𝑘𝑖
𝑘=1 , … . . , ∑ 𝑐𝑘�̂�𝑜𝑘

𝑘

𝑘=1 , }       (15) 

Where, the weighting coefficient 𝑐𝑘 represents the percentage of the inverse of the average root error of the k-th 

group of detected road segments, 𝐾1, 𝐾2,..., 𝐾𝑖,... 𝐾 represents the number of selected road segments, and 𝐾𝑖𝑀. 

Root Mean Square Error (RMSE) is the most commonly used index to evaluate the performance of traffic flow 

prediction as the evaluation index. 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (�̂�𝑜(𝑖) − 𝑦0(𝑖))2𝑁

𝑖=1        (16) 

Where �̂�𝑜(𝑖) and 𝑦0(𝑖) represent the predicted and actual traffic flow values at time i, respectively. 

RESULT AND DISCUSSION 

Data source  

The experimental data in this article comes from the traffic flow data measured by the Performance Measurement 

System traffic database of the California Department of Transportation. In the experiment, we selected the traffic 

flow data collected for seven continues weeks as the experimental data, the first six weeks of data were used as 

training data, and the seventh week of data was used as Test data, the data sampling period is 5 minutes, namely 
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m=43, D=7, n=288. 

Performance analysis 

In the experiment, after repeated tests, each feature of the BLS model is set to contain the number of nodes l=5, 

the total number of mapping features is m=6, the number of enhanced nodes is n=41, the activation function is 

tansig, and the prediction step is =6. The prediction result is shown in Figure 2. The solid line in the figure 

represents the predicted value, and the dashed line represents the actual value. It can be seen from Figure 2 that 

the prediction result reflects the change trend of the traffic flow sequence, especially in the morning peak and 

evening peak periods. The prediction result reflects the volatility of the traffic flow very well, indicating the 

effectiveness of the proposed KNN-BLS model for short-term traffic flow prediction. 

 

Figure 2. Predicate results and true values 

This paper compares and analyzes the four common models ARIMA, LSTM, and KNN-LSTM. The different 

model parameters are set as follows: ARIMA model order m=3, moving average order n=5, difference order d=1; 

KNN model learning rate is set to 0.01, the number of iterations is 800, the number of input layer, hidden layer, 

and output layer are respectively 6, 6, 1, the learning step length is 6; the learning rate of the LSTM model is set 

to 0.01, the tanh function used activation function, the model layers is 3, and the iterations is set to 500; the LSTM 

model parameter setting in the KNN-LSTM model same as above, the value of K is 3. As can be seen from Figure 

3 and Table 1, the three models of LSTM, KNN-LSTM and proposed more accurately reflect the real traffic with 

changes in traffic, the KNN-BLS model can better capture the volatility of the details of traffic flow data, the 

RMSE predicted by the proposed model compared with the ARIMA, LSTM, and proposed models decreased by 

443.6%, 209.8%, and 102.6%, respectively. At the same time, it can be seen that under the same experimental 

configuration conditions, the running time of KNN-BLS is greatly reduced, even better than the linear model 

ARIMA; although the prediction error is almost equivalent to the deep learning model LSTM and proposed, the 

running speed is increased by 17.4%. The above indicates that the proposed model can greatly reduce the 

calculation time while ensuring the prediction accuracy and is an effective short-term traffic flow prediction 

method. 
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Figure 3. Predicate results of different models 

Table 1. Predicate performance of different models 

Methods Performance 

RMSE Time (Sec.) 

ARIMA 16.4565 12.5325 

LSTM 9.3785 26.2836 

KNN-LSTM 6.1342 44.2546 

Proposed 3.0268 7.5799 

 

When predicting traffic flow data, the KNN method is used to select road sections related to the predicted road 

section for analysis. The number of related road sections becomes an important parameter that affects the 

prediction model. In order to analyze the influence of the number K of different road sections on the prediction 

results, different K values were used in the experiment to perform model predictions, and the predicted RMSEs 

were calculated separately. Figure 4 shows the relationship between the number of road sections without time-

space correlation and the predicted RMSE. It can be seen from Figure 4 that the predicted RMSE fluctuates up 

and down with the increase of K. When K=17, the corresponding RMSE reaches the minimum value. . Therefore, 

the number of relevant road sections selected in the experiment in this paper is 17, which are all located near the 

upstream and downstream of the target road section, including 12 upstream and 5 downstream, indicating that the 

prediction results of the predicted road section will be affected by the spatial distribution position and number of 

adjacent road sections. And the upstream influence is greater, which is more consistent with the actual situation. 

 

Figure 4. RMSE for different K value predictions 
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CONCLUSION 

In order to better tap the time dependence of traffic flow data, in future research work, consider applying some 

circulatory systems in the deep system to study the time series characteristics of traffic flow data in a deeper level. 

The performance measurement system database data to conduct experiments, and compares the prediction results 

with ARIMA, LSTM, and KNN-LSTM models. The experimental results show that the KNN-BLS model can 

reduce the prediction error by 39.72% on average. It is an effective short-term traffic flow prediction method. At 

the same time, compared with the depth model, the deep model shortens the prediction time and increases the 

operating speed by more than 17.4% under the premise of ensuring the prediction accuracy. It is a short-term 

traffic flow prediction method with simple structure and fast prediction speed. In future research work, traffic flow 

data is affected by many factors such as weather, traffic accidents, holidays, road construction, etc., so these factors 

should be considered to further improve the prediction accuracy. 
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