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Abstract

Images representing flooding damages can provide valuable information, such as the damage location and severity. Automated and 
quantifiable analyses of those images allow asset managers to accurately understand the vulnerability of the infrastructure. To this 
end, this paper proposes a methodology to match a vehicle in a flooding image to a 3D vehicle image. The proposed method is a 
part of a framework for flooding depth estimation. As the initial step of the framework, the proposed method uses Mask R-CNN 
and VGG network to extract the vehicle object and its features, respectively. The features of the vehicle images are compared with 
those of 3D vehicle image, to find a good match. A total of 87 vehicle objects were used to validate the proposed method, and 
promising levels of matching accuracy were obtained. Once the framework is completed, the proposed method is expected to 
automatically analyze flooding images for its damage assessment. 
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1. Introduction

 

Floods are one of the most dangerous and frequent natural disasters in the urban area, and have a great impact on 
road transportation. Road flooding due to heavy rain causes traffic accidents, traffic jam, and vehicle isolation. These 
disaster situations are often recorded by various types of cameras. CCTV (closed circuit television) cameras installed 
on the road or smart phone cameras carried by individuals can acquire photographs showing realistic disaster situations, 
and these images provide valuable information about the disaster. The ultimate objective of this study is to derive 
flooding damage information based on the image analysis of the vehicle, assuming that the vehicle is exposed to such 
a disaster situation. As a preliminary step to obtain the flood damage information, this paper proposes a method to 
match a vehicle in a flooding image to a 3D vehicle image. Once the matching is done accurately, the depth of the 
flooding would be able to be estimated.   
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2. Methodology

 

Figure 1 shows the proposed method with a focus on the matching of vehicle images. Photos of flooded roads are 
processed to segment only the vehicle objects, which are later compared with 3D vehicle images. In the method, two 
deep Convolutional Neural Networks (CNNs) are used. The first CNN is Mask R-CNN [1] for the vehicle image 
extraction. The second CNN is the VGG network [2] for the feature extraction. The similarity comparison is finally 
conducted to find the best matching between the two cross-domain images.  

 
Fig. 1. The proposed method for matching a vehicle image and a 3D vehicle image. 

 

2.1. Segmentation 

Mask R-CNN is a deep learning model for object instance segmentation. Mask R-CNN extends Faster R-CNN [3] 
by including a mask branch for predicting segmentation masks [1]. Mask R-CNN were evaluated to be superior to 
previous approaches in the area of instance segmentation [1]. This paper, thus, used the Mask-RCNN pre-trained with 
the 80k images of COCO dataset [4]. 

 

2.2. Similarity comparison 

Studies have been suggested to perform image retrieval using CNNs [5,6,7,8]. This paper used the method suggested 
by [8] for cross-domain image retrieval, in which the feature maps produced by the VGG network were vectorized and 
the vectorized feature maps were compared using the cosine distance. Feature maps are the output from a layer of a 
CNN and the input to the next layer of the CNN. Following the suggestions of [8], this study, for the comparison 
purpose, used the 4th pooling layer of VGG16 and VGG19 [2].  

 

3. Experimental results

3.1. Data preparation 

The images of flooded vehicles were obtained from photographs of the floods of Korea in July and August 2018. In 
this way, 25 article photos containing vehicles were selected. The input of pre-trained Mask-RCNN was the article 
photos, and the output was the segmented vehicles. The number of vehicle objects obtained from the 25 photographs 
was 274. Except for those vehicles whose size was very small or overshadowed by other objects, 87 were used as data 

Somin Park, et al./ Proceedings of the Creative Construction Conference (2019) 006

39

https://doi.org/10.3311/CCC2019-006



for the similarity evaluation. Figure 2 shows examples of excluded vehicle data. 3D vehicle images were obtained by 
rotating a 3D vehicle model by 10 degrees in two viewpoints (parallel and from slightly above). As a result, 72 vehicle 
images were created. Since the input size of VGG16 and VGG19 was fixed to 224 x 224, all image data used for 
similarity calculation were resized to that size. 

 
Fig. 2. Examples of excluded vehicle image. 

 

3.2. Evaluation standards  

As aforementioned, the 3D vehicle model was rotated by 10 degrees to acquire the data for image matching. Since 
a 3D model rotated by 10 degrees has similar visual characteristics to the image before rotation, the authors concluded 
that a difference in 10 degrees is negligible in the estimation of flood damage. Thus, the ground truth included a 
perfectly matched 3D image and a difference in rotation angle of 10 degrees to the left and right. 

 

3.3. Results 

Figure 3 shows examples of the matching results of the VGG16. As aforementioned, the fourth pooling layer of the 
VGG16 was used and the accuracy was 0.7356. The VGG 19 showed a slightly worse performance with an accuracy 
of 0.6092. 

 
Fig. 3. Examples of the matching results of the VGG16. 

 

4. Discussion and conclusions

In this study, 87 segmented vehicles from 25 article photos and 72 3D vehicle images were used as matching data. 
The 4th pooling layer of the VGG16 achieved better results than the 4th pooling layer of VGG19, with an accuracy of 
73.56% and 60.92%, respectively. As show in Fig. 4, segmented cars were in some cases represented as broken images 
because they were immersed in water or covered by other objects. However, even those broken images were able to 
be matched with 3d-images. This is because the feature maps of the 4th pooling layer of VGG extract structural 
characteristics rather than detailed characteristics [8]. 
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This paper proposed a deep learning-based method to match between a vehicle in a flooding image and a 3D vehicle 
image. The proposed method was a part of a framework to automatically analyze images containing flooding situation. 
Mask R-CNN and VGG network were the major components of the proposed method, for vehicle extraction and feature 
extraction, respectively. The level of matching accuracy was promising for achieving the ultimate objective of the 
framework–the flooding depth estimation. 
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