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A Deep Learning-based Streetscapes Safety Score Prediction
Model using Environmental Context from Big Data

Gi-In Lee*, Hang-Bong KangH

ABSTRACT

Since the mitigation of fear of crime significantly enhances the consumptions in a city, studies focusing
on urban safety analysis have received much attention as means of revitalizing the local economy. In

addition, with the development of computer vision and machine learning technologies, efficient and
automated analysis methods have been developed. Previous studies have used global features to predict
the safety of cities, yet this method has limited ability in accurately predicting abstract information such
as safety assessments. Therefore we used a Convolutional Context Neural Network (CCNN) that
considered “context” as a decision criterion to accurately predict safety of cities. CCNN model is
constructed by combining a stacked auto encoder with a fully connected network to find the context
and use it in the CNN model to predict the score. We analyzed the RMSE and correlation of SVR, Alexnet,
and Sharing models to compare with the performance of CCNN model. Our results indicate that our model
has much better RMSE and Pearson/Spearman correlation coefficient.
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Fig. 1. Flowchart for safety score prediction model
algorithm,
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Fig. 2. (a) To obtain a ranked score using Trueskill, participants were asked to select the images that look more
safe, They can select left, right or equal. (b) After pairwise comparisons, the images are ranked on their

perceived safety(.5,) between 0 and 10,
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Fig. 3. (a) Diagram of Context extraction algorithm_ It consists three parts to extract environmental context, (b) The
structure of C—S reconstruction network, Using SCA, it is trained by inputs and corresponding targets. (c)
After autoencoder, we change the size of last fully connected layer to predict center of inputs, (d) Using
context map, we extract environment context in original image.
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Fig. 4. The structure of CCNN case of training safe image. First, extract the context from input image. Second,
Extract features using learned network, Finally, concatenate features and predict safety score,
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Fig. 5. The structure of CCNN. It consists of context, safe feature, unsafe feature and joint feature representations

layers,
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Sharing 0.7726 0.829 (< 0.01) 0.824 (< 0.01)
CCNN 0.7548 0.851 (< 0.01) 0.843 (< 0.01)
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