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A Safety Score Prediction Model in Urban Environment Using
Convolutional Neural Network

Hyeon-Woo Kang' - Hang-Bong Kang"™

ABSTRACT

Recently, there have been various researches on efficient and automatic analysis on urban environment methods that utilize the
computer vision and machine learning technology. Among many new analyses, urban safety analysis has received a major attention. In
order to predict more accurately on safety score and reflect the human visual perception, it is necessary to consider the generic and local
information that are most important to human perception. In this paper, we use Double-column Convolutional Neural network consisting of
generic and local columns for the prediction of urban safety. The input of generic and local column used re-sized and random cropped
images from original images, respectively. In addition, a new learning method is proposed to solve the problem of over-fitting in a
particular column in the learning process. For the performance comparison of our Double-column Convolutional Neural Network, we
compare two Support Vector Regression and three Convolutional Neural Network models using Root Mean Square Error and correlation
analysis. Our experimental results demonstrate that our Double-column Convolutional Neural Network model show the best performance
with Root Mean Square Error of 0.7432 and Pearson/Spearman correlation coefficient of 0.853/0.840.

Keywords : Urban Safety, Convolutional Neural Network, Crime Prediction, Visual Perception
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Fig. 1. A: Example of pairwise comparison experiment of Placle Pulse 1.0. The users select an answer according to the following
question: “Which place looks safer?”, B: Example of high and low safety score images of Place Pulse 1.0.
The upper row shows the high safety score images. The bottom row shows low safety score images.
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Fig. 2. Alexnet structure. It consist of five convolutional layers and three fully connected layers. We changed size of
last fully connected layer 1000 to 1 because our CNN model predict safety score of urban image.
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Fig. 3. Structure of DCNN. It have two column. One is generic column which use the resized full image
as input, the other is local column which use the random cropping of original image as input
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Fig. 4. Example of input images of generic column and
local column of our dataset. The upper row shows the
input of generic images. The bottom row shows the
input of local images.
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Independent learning of CNN

Generic column i

Local column

Freeze learning of DCNN

Freeze

Alexnet

Fig. 5. Procedure of our learning method. In the first phase, we train the two independent CNN. In the second phase,
we freeze weights of convolution layers during learning.
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Table 1. Results of RMSE performance comparison

Model RMSE Remarks
best p - 1
SVR + HoG 0.9893 best ¢ - 0,001
. .. best p - 1
SVR + joint 0.8238 best ¢ - 0001
Alexnet 0.8607
Sharing 0.7606
DCNN 0.7727
Our DCNN model 0.7432

Table 2. Results of Pearson and Spearman correlation coefficient

Model Pear.sc'm correlation Spea@an correlation
coefficient (p-value) | coefficient (p-value)
SVR + HoG 0.739 (< 0.01) 0.741 (< 0.01)
SVR + joint 0.804 (< 0.01) 0.804 (< 0.01)
Alexnet 0.768 (< 0.01) 0.761 (< 0.01)
Sharing 0.845 (< 0.01) 0.837 (< 0.01)
DCNN 0.849 (< 0.01) 0.832 (< 0.01)
Our DCAN 0853 (< 0.01) 0840 (< 0.01)
model
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Fig. 6. Scatter plot of between predicted score of
our DCNN model and ground truth score
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Fig. 7. Example of prediction results using our DCNN model. The upper row shows the success results. The bottom row shows
the failure results. s, and s, denote ground truth safety score and predicted safety score, respectively
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