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Abstract: The ideas, algorithms and models developed for application in one particular domain can be applied for solving 

similar issues in a different domain using the modern concept termed as transfer learning.  The connection between 

spatiotemporal forecasting of traffic and video prediction is identified in this paper. With the developments in technology, 

traffic signals are replaced with smart systems and video streaming for analysis and maintenance of the traffic all over the city. 

Processing of these video streams requires lot of effort due to the amount of data that is generated. This paper proposed a 

simplified technique for processing such voluminous data. The large data set of real-world traffic is used for prediction and 

forecasting the urban traffic. A combination of predefined kernels are used for spatial filtering and several such transferred 

techniques in combination will convolutional artificial neural networks that use spectral graphs and time series models. 

Spatially regularized vector autoregression models and non‐spatial time series models are the baseline traffic forecasting 

models that are compared for forecasting the performance. In terms of training efforts, development as well as forecasting 

accuracy, the efficiency of urban traffic forecasting is high on implementation of video prediction algorithms and models. 

Further, the potential research directions are presented along the obstacles and problems in transferring schemes.  

Keywords: network‐wide forecasts; spatial filtering; convolutional neural networks; spatiotemporal models; urban traffic 

flow;  

1. Introduction  

 The models and principles that are observed and studied in one environment can be applied for refining the 

results of problems in a different environment. This concept is termed as domain adaptation or transfer learning. 

One example of transfer learning technique is the implementation of video prediction model for urban traffic flow 

monitoring and forecasting. The input feature space of a trained model can be transformed to match the inputs of 

the domain or outputs specific to the domain can be produced by replacing the final layer in machine learning 

techniques for transferring the models that are implemented commonly. Translator functions are developed for 

creating a link between the image and text classification issues for conversion of image and text specific features 

into a common feature set.  Classification of animals is performed by convolution neural network model to execute 

image processing which can be transferred and fine-tuned for object classification.  

 Along with implementation of pre-trained models in other domains, transfer learning can also be extended to 

interdomain problem solving, application of the architecture of general model and so on in a more general context. 

Implementation of carefully tested model architectures and pre-trained models is widely acknowledges in transfer 

learning due to its practical advantages and resource saving features in model training. The collection of training 

dataset and computational power are the major resources required for model training and can be applied for lower 

order domains only. More focused and faster research processes are obtained by transfer learning technique that 

merges principles and models of various domains and advance the scientific development process sufficiently.  
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2. Related Work 

2.1 Video Prediction Technique 

Image and digital signal processing domains are used widely in video prediction techniques. Filtering, 

which is a major signal processing concept implements spatial or temporal domain convolution with kernels that 

are designed specifically. Spatial convolution of kernels that are coded into bi-dimensional signals from a single 

frame of a video stream or an image. Denoising with local adaptive kernels, feature and edge detection with first‐ 
and second‐order kernels, restoration and smoothing of Gaussian kernels are some of the most popular kernels in 

use. Based on the temporal information, data-driven kernels are developed and trained in various previous studies. 

Based on the theoretical background, these kernels are developed and applied on a wide scale in the domain of 

image processing.  

Despite the improved results obtained on implementation of convolution in image processing by means 

of spatial kernels, the elimination of temporal information is a major limitation that prevents application of this 

process to video streams. Spatial information is used for prediction of images and their segments from every frame 

of a video. Restoration of video segment using image inpainting is a major issue however, this cannot be termed 

as pure video prediction. Motion and such spatiotemporal features can be detected using rich data structures like 

2 spatial and 1 temporal dimensions in a three‐dimensional (3D) video stream. In case of multivariate signals, the 

prediction and processing requires advanced techniques and significant computational power. Until the early 

2000s, the video prediction problem was not addressed closely. The video prediction advances are due to the 

improvements in hardware and the progress in artificial neural networks (ANN). Pixel‐wise video prediction using 

feed‐forward ANN architecture and video denoising using temporal restricted Boltzmann machine are some of 

the applications of ANN in processing videos. The spatiotemporal convolution kernels that are data driven is used 

for horizontal and vertical neighbors with single or dual temporal lags in the input space for every pixel. The 

complex spatial patterns and long‐term temporal dependencies are not allowed in the basic feed‐forward ANN 

architecture.  

3. Methodology 

Traffic forecasting in urban areas using spatiotemporal video prediction methodology along with the 

transfer learning concept is implemented in this paper and the results are validated. Popular techniques for video 

and image processing are selected arbitrarily and their performance is tested against the state of the art models for 

traffic flow data. Considering n spatial locations and Xt as n x 1 vector of traffic values (x1,t, x2,t,…., xn,t)’ at i= 

1,…..,n spatial locations at time period t. Weighted directed graphs are used for representing the one‐period spatial 

structure in which the edges are used for coding the relationships and vertices for coding the spatial locations. 

Spatial structure approaches have a wide range of applications. The uncongested traffic based travel time is 

considered as a primary measure of relationship in this study. The VAR model in its regularized form is defined 

using the cross-correlation of the spatial structure. The spatial location and local neighborhood of the spatial 

structures are limited based on the complexity using the following formula: 

𝑁𝐵(𝑖, 𝑟) = {𝑗: 𝑑𝑖𝑗 < 𝑟 𝑎𝑛𝑑 𝑖 ≠ 𝑗} 

Here, the neighborhood’s radius selected radius is represented by r and the spatial location travel time is dij. Within 

a specific road network, the direct flow maximum travel time is defined as the radius for forward and backward 

movement without loops. Two neighborhoods are also considered simultaneously for similar model specifications 
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with different radii. Figure 1 provides the general architectural diagram of the Graph Convolutional Neural 

Network (GCNN). 

 

Figure 1: Graph Convolutional Neural Network (GCNN) general architecture 

The graph structure can be defined by matrix of weights W and D= d(W1
T) is the diagonal matrix in which the 

all-ones vector is represented by 1. The spectral‐based graph convolution can be represented by the following 

expression under such conditions:  

𝑔𝜃 × 𝑌 = 𝜃 (𝐼𝑘 + 𝐷
1
2𝑊𝐷

1
2) 𝑌 

Here,  is the trained matrix and the filter is represented with g and identity matrix is Ik. The classical CNN 

architecture is modified in the GCNN along with the graph convolution filter inclusive of the pooling layers and 

convolutional layers that are connected sequentially into a fully connected final layer.  

4. Results and Discussion 

Indian Driving Dataset (IDD), which has about 34 classes, a large real-world dataset is used for 

estimating the performance of the video signal processing models. The information contains about 10,000 pixel-

level annotated images and 50,000 object level annotated images, contained in 5,000 frames  is used. A total of 

34 labels are used for annotation from 182 drive sequences on Indian roads. The images are mostly of 1080p 

resolution, but there is also some images with 720p and other resolutions. The analysis is performed for a mean 

distance of 500 meters. Random sampling of 100 detectors are used for further analysis of the complete data set.  
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(a)                                                (b) 

Figure 2: Settings of spatial graph: (a) 10-min neighborhood graph; (b) percentage of nodes achievable 

within specific travel time (min);  

For a 30 second temporary aggregation, the traffic flow volume and information is analyzed for the 

original dataset. The road based aggregated values of lane detectors is the data preprocessing routine that is 

executed. In case of traffic forecasting over a short period of time, a time interval of 5 minutes is used for 

aggregation of the values. In the traffic flow periodical patterns, the nodes and the time interval of five minutes 

for a period of 30 weeks are used for calculation of median traffic values. The dataset is estimated for a period of 

10 weeks along with the flow values and the periodical patterns obtained are eliminated. The training and testing 

of the model is performed with the detrended time series that is obtained. The static background scene removal 

operation corresponds to video prediction in regular traffic conditions for forecasting the deviations using these 

models. Interquartile ranges that are time period and detector specific are termed as outliers. 0.01 is the selected 

threshold value which is minute and filters out only the wrong observations. The congested conditions and real 

traffic values are analyzed. The missed values are marked by the identified outliers. The missed value imputation 

is performed by utilization of linear interpolation. If the missed value by the detector is greater than four hours, it 

is excluded from the final data set. For computational reasons, random sampling of 100 detectors are performed 

from the complete data set.  

 

Figure 3: Spatially aggregated Mean absolute error (MAE) value density 
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R language markdown routines obtained from online sources are executed for source codes that are 

publicly available in order to test the obtained experimental results for ensuring reproducibility. These repositories 

assists in experimentation specific for models with sampling, data preprocessing and so on for the downloaded 

data. Figure 2 represents the settings of spatial graph for 10-min neighborhood graph and the percentage of nodes 

achievable within specific travel time. This helps in demonstration of the performance comparison of the 

forecasting of baseline and transferred models. In comparison of the modern models for spatiotemporal traffic 

forecasting, the efficiency of transferred models is high in short term forecasting. For further improvement of 

performance of forecasting, a good baseline can be set up by means of the non‐spatial ARIMA model. However, 

from the nearby road segments, the spatial information cannot be utilized for forecasting horizons for a longer 

duration and the performance of the system is degraded. The performance stability can be improved with  all the 

spatiotemporal model specifications other than the GCNN. 

 

Figure 4: Temporal aggregated Mean absolute error (MAE) value density 

Multiple radii are used for using two spatial neighborhoods simultaneously based on the non-linearities. 

For all specifications of the model, a travel time of ten to thirty minutes is set by tuning the radii with the cross-

validation. For longer forecasting horizons or gradual increase in the step size to a value of around five can be 

used for improving the time duration. Figure 3 and 4 represent the Mean absolute error (MAE) value density 

representation in terms of spatial as well as temporal distribution respectively. Smaller values of right tails are 

observed on implementation of the SpX‐ARIMAX model for extreme forecasting distribution of errors which is 

the major benefit of the SpX‐model. Implementation of the ARIMA model offered certain drawbacks in 

comparison with the SpX‐ARIMAX model in terms of spatial distribution. For various time periods like peak 

hours and congested traffic conditions, day time and regular traffic as well as night time and free traffic flow, the 

SpX‐ARIMAX model offers stable results in temporal distribution. In case of spatiotemporal traffic forecasting, 

video and image processing, this system is widely and efficiently implemented based on predefined spatial kernels. 

5. Conclusion  

Spatiotemporal and video prediction based transfer learning techniques for forecasting urban traffic is 

analyzed and promoted in this paper. Computational resources are optimized in terms of scientific aspects as 

research and intellectual resources as well as practical aspects. This leads to methodological enhancement through 

pretrained models, model structures, algorithms and ideas transfer in an efficient manner. In a city wide traffic 
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data, the video streams are analyzed and the data structures are studied for similarities. Forecasting techniques for 

urban traffic is performed by using the video prediction techniques in historical developments that can be applied 

in the modern states. The traffic forecasting domain makes use of convolutional network and spatial filtering video 

processing techniques for studying the experimental part. The urban traffic data is predicted using the video tools 

as supported by the hypothesis made in this paper and city wide traffic data set is used for the experimentation. 

Future work is focused on improving the datasets and reducing the processing time for video processing. 

References:  

[1] Kaya, H., Gürpınar, F., & Salah, A. A. (2017). Video-based emotion recognition in the wild using deep 

transfer learning and score fusion. Image and Vision Computing, 65, 66-75. 

[2] Molchanov, P., Tyree, S., Karras, T., Aila, T., & Kautz, J. (2016). Pruning convolutional neural networks 

for resource efficient transfer learning. arXiv preprint arXiv:1611.06440, 3. 

[3] Lu, J., Behbood, V., Hao, P., Zuo, H., Xue, S., & Zhang, G. (2015). Transfer learning using 

computational intelligence: A survey. Knowledge-Based Systems, 80, 14-23. 

[4] Chaabouni, S., Benois-Pineau, J., & Amar, C. B. (2016, September). Transfer learning with deep 

networks for saliency prediction in natural video. In 2016 IEEE International Conference on Image 

Processing (ICIP) (pp. 1604-1608). IEEE. 

[5] Jayashree, S. and D. A. Janeera. “Real-Time Fire Detection, Alerting and Suppression System using Live 

Video Surveillance.” (2016). 

[6] Lucena, O., Junior, A., Moia, V., Souza, R., Valle, E., & Lotufo, R. (2017, July). Transfer learning using 

convolutional neural networks for face anti-spoofing. In International Conference Image Analysis and 

Recognition (pp. 27-34). Springer, Cham. 

[7] Ruth Anita Shirley D, Ranjani K, Gokulalakshmi Arunachalam, Janeera D.A., "Distributed Gardening 

System Using Object Recognition and Visual Servoing" In International Conference on Inventive 

Communication and Computational Technologies [ICICCT 2020], Springer, India, 2020. 

[8] Diba, A., Fayyaz, M., Sharma, V., Karami, A. H., Arzani, M. M., Yousefzadeh, R., & Van Gool, L. 

(2017). Temporal 3d convnets: New architecture and transfer learning for video classification. arXiv 

preprint arXiv:1711.08200. 

[9] Sabokrou, M., Fayyaz, M., Fathy, M., Moayed, Z., & Klette, R. (2018). Deep-anomaly: Fully 

convolutional neural network for fast anomaly detection in crowded scenes. Computer Vision and Image 

Understanding, 172, 88-97. 

[10] Su, Y. C., Chiu, T. H., Yeh, C. Y., Huang, H. F., & Hsu, W. H. (2014). Transfer learning for video 

recognition with scarce training data for deep convolutional neural network. arXiv preprint 

arXiv:1409.4127. 

[11] D. A. Janeera and Sasipriya.S. "A Brain Computer Interface Based Patient Observation and Indoor 

Locating System with Capsule Network Algorithm" In International Conference on Image Processing 

and Capsule Networks (ICIPCN 2020), Springer, Thailand, 2020. 

[12] Qian, Y., Dong, J., Wang, W., & Tan, T. (2016, September). Learning and transferring representations 

for image steganalysis using convolutional neural network. In 2016 IEEE international conference on 

image processing (ICIP) (pp. 2752-2756). IEEE. 

[13] Kumar, T. S. (2019). A Novel Method for HDR Video Encoding, Compression and Quality Evaluation. 

Journal of Innovative Image Processing (JIIP), 1(02), 71-80. 

[14] Manoharan, S. (2019). A Smart Image Processing Algorithm for Text Recognition Information 

Extraction and Vocalization for the Visually Challenged. Journal of Innovative Image Processing (JIIP), 

1(01), 31-38. 

https://www.irojournals.com/iroiip/


Journal of Innovative Image Processing (JIIP) (2020)    

Vol.02/ No. 03 

Pages: 128-134 

https://www.irojournals.com/iroiip/ 

DOI: https://doi.org/10.36548/jiip.2020.3.002 
 

  

 134 

ISSN: 2582-4252 (online)  

Submitted: 28.04.2020 

Accepted: 11.06.2020 

Published: 17.06.2020 
 

 

[15] Shakya, S. (2019). Machine Learning Based Nonlinearity Determination for Optical Fiber 

Communication-Review. Journal of Ubiquitous Computing and Communication Technologies (UCCT), 

1(02), 121-127. 

Authors Biography  

Dr. T. Senthil Kumar, is currently working as an Associate Professor, in Computer Science and Engineering 

Department, at Amrita School of Engineering, Amrita Vishwa Vidyapeetham,TamilNadu, India. His major 

areas of interest are Real time Image Processing, Computer Vision and Pattern Recognition, Image Processing 

Systems and algorithms for Medical, Industrial, Embedded and Vision assisted Intelligent Robotic Systems, 

video communication, biomedical imaging, electronic imaging, image and video systems, and remote sensing 

https://www.irojournals.com/iroiip/

