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A Multi-Feature Fusion Using Deep Transfer Learning for Earthquake 

Building Damage Detection 

With the recent tremendous improvements in the spatial, spectral, and temporal 

resolutions of remote sensing imaging systems, there has been a dramatic increase 

in the applications of remote sensing images. Amongst different applications of 

very high-resolution remote sensing images, damage detection for rapid 

emergency response is one of the most challenging ones. Recently, deep learning 

frameworks have enhanced the performance of earthquake damage detection by 

automatic extraction of strong deep features. However, most of the existing studies 

in this area focus on using nadir satellite images or orthophotos which limits the 

available data sources. This limitation decreases the temporal resolution of the 

practical images, which is a serious issue considering the emergency nature of 

damage detection applications. The objective of this study is to present a multi-

modal integrated structure to combine orthophoto and off-nadir images for 

earthquake building damage detection. In this context, a multi-feature fusion 

method based on deep transfer learning is presented, which contains four different 

steps, namely pre-processing, deep feature extraction, deep feature fusion, and 

transfer learning. To validate the presented framework, two comparative 

experiments are conducted on the 2010 Haiti earthquake using pre- and post-event 

off-nadir satellite images, which were collected by WorldView-2 (WV-2) satellite 

platform as well as a post-event airborne orthophoto. The results demonstrate 

considerable advantages in identifying damaged and non-damaged buildings with 

over 83% for the overall accuracy. 

Keywords: convolutional neural network; deep feature fusion; deep transfer 

learning; urban damage detection 

Introduction 

More than 2500 satellites have been launched worldwide and are orbiting in space, of 

which one-third continuously monitor Earth (Lavender 2018; Datta 2020). In addition, 

advances in remote sensing imaging systems have increased the use of remote sensing 

images (Abdi, Samadzadegan, and Reinartz 2017a). Amongst different applications, one 

of the most challenging topics is urban change detection (Tran, Ressl, and Pfeifer 2018; 



M. Ji, Liu, and Buchroithner 2018). Specifically, earthquake damage detection using very 

high-resolution remote sensing satellite images for rapid emergency response is one of 

the most crucial applications. This is a cost-effective and prompt strategy in terms of 

supplying damage maps to the related organizations to help with reducing losses (M. Ji, 

Liu, and Buchroithner 2018; Novikov et al. 2018; Nex et al. 2019; Naito et al. 2020). In 

this regard, damage mapping has been investigated by performing change detection using 

the pre- and post-event images/maps for a long time (Khelifi and Mignotte 2020; Shi et 

al. 2020). 

In the literature, change detection using remote sensing images can be assessed 

based on (1) data sources and (2) change detection frameworks. In terms of (1) data 

sources, the images are categorized into optical, including hyperspectral (Wang et al. 

2018; Song et al. 2018; Huang, Yu, and Feng 2019a; X. Li, Yuan, and Wang 2019), 

multispectral (Cooner, Shao, and Campbell 2016; Yeom, Jung, and Kim 2017; Gong et 

al. 2017; Nemoto et al. 2017; S. Ji, Wei, and Lu 2018; T. Lei et al. 2019; Gong et al. 2019; 

Huang, Yu, and Feng 2019b; S. Ji et al. 2019; Z. Zhang et al. 2019; Fang et al. 2020; 

Jiang et al. 2020), and panchromatic (Wiratama and Sim 2019), and synthetic-aperture 

radar (Gong, Yang, and Zhang 2017; T. Liu et al. 2017; Lv et al. 2018; Planinšič and 

Gleich 2018; Su and Cao 2018; Dong et al. 2018; F. Liu et al. 2018; Y. Lei et al. 2019; 

H. Chen et al. 2019; Luo et al. 2019; Y. Li et al. 2019; Jaturapitpornchai et al. 2019; Cui 

et al. 2019). Furthermore, other data sources can be utilized as auxiliary data, such as 

digital elevation models (Menderes, Erener, and Sarp 2015) and street view images 

(Ghouaiel and Lefèvre 2016; Kang et al. 2018; Bu et al. 2020). In terms of (2) change 

detection frameworks, the traditional methods are generally summarized into the visual 

analysis, transformation-based methods, and post-classification comparison from 

multiple periods (Shi et al. 2020). In recent years, deep learning frameworks have been 



widely used to automatically learn high-level features from various remote sensing data 

(Abdi, Samadzadegan, and Reinartz 2017b; Y. Chen et al. 2017; Abdi, Samadzadegan, 

and Reinartz 2018); specifically, in change detection applications, these frameworks have 

demonstrated superiority compared to the traditional handcrafted-features-based methods 

in terms of feature extraction (Nex et al. 2019; W. Zhang and Lu 2019; Fang, Pan, and 

Kou 2019). The learned-features-based methods used for change detection purposes can 

be classified into single-stream, double-stream, and multi-modal integrated frameworks 

(Shi et al. 2020). In the single-stream framework, multi-temporal data are either fused 

followed by a classifier (as direct classification structure) or transformed to a specific 

feature space followed by a decision analysis on the corresponding features (as mapping 

transformation-based structure). To fuse multi-temporal data in the direct classification 

structure, change analysis such as change vector analysis (Ghosh, Subudhi, and Bruzzone 

2013), log-ratio operator (Jia Liu, Gong, Zhao, et al. 2016), and change measures (Lv et 

al. 2018), and direct concatenation methods (Gong et al. 2015; Y. Lei et al. 2019; Xv et 

al. 2019; Y. Li et al. 2019; Jaturapitpornchai et al. 2019; Gao et al. 2019a; Keshk and Yin 

2019) are commonly utilized. Also, in the mapping transformation-based structure, a core 

model learns the feature mapping transformation between multiple domains (P. Zhang et 

al. 2016; Jia Liu, Gong, Qin, et al. 2016; T. Zhan, Gong, Jiang, et al. 2018; T. Zhan, Gong, 

Liu, et al. 2018; Sadeghi, Ahmadi, and Ebadi 2018; Fang, Pan, and Kou 2019; Ma et al. 

2019). In the double-stream framework, change detection is carried out based on Siamese, 

transfer learning-based, and post-classification structure. The Siamese structure contains 

two sub-networks (as feature extractors) followed by a change analysis core. The feature 

extractor networks can share their learning weights (T. Liu et al. 2017; P. Zhang et al. 

2018; Wiratama et al. 2018) or not (Y. Zhan et al. 2017; Mengya Zhang et al. 2018; Jiang 

et al. 2020). In the change analysis, the extracted features can be either concatenated 



(Mengya Zhang et al. 2018; Z. Zhang et al. 2019) or utilized to obtain difference maps 

(W. Zhang and Lu 2019) for further analysis (Du et al. 2019; Wu et al. 2019). To alleviate 

the lack of training samples, transfer learning-based structure can also be applied; this 

structure consists of feature learning on a large dataset (Tan et al. 2018) and fine-tuning 

the pretrained model with a few labelled samples (Yang et al. 2019; Kerner et al. 2019; 

Gao et al. 2019b; Junfu Liu et al. 2019) and training a newly added classifier layer (Min 

Zhang and Shi 2020). The change map can be directly generated by the classifier layer or 

a change analysis such as low-rank analysis (Hou, Wang, and Liu 2017), change vector 

analysis (Saha, Bovolo, and Bruzzone 2019), and clustering (Larabi et al. 2019). In the 

post-classification structure, multiple data are classified and then, a comparison is 

conducted to estimate change directions (Shi et al. 2020). A hybrid framework of the 

double-stream structure is called the multi-modal integrated structure; this structure can 

be used for unsupervised change detection (Gong, Yang, and Zhang 2017) and object-

level change detection (Han et al. 2019). Nevertheless, regarding the emergency nature 

of disaster-related images, they are generally taken with an off-nadir angle that makes 

ordinary mapping transformations unable to automatically deal with such images (Kerle 

et al. 2019). To solve this issue, Jabari and Zhang (2016) proposed a patch-wise co-

registration (PWCR) method to tackle the relief displacement in co-registering remote 

sensing images that are collected with different off-nadir viewing angles. This method is 

invariant against the geometric differences including sensor platform, image resolution, 

and off-nadir viewing angle (Jabari and Zhang 2016).  Conventional change detection 

methods can be further improved using deep learning as well. Thus, in this study, we 

intend to use this method to generate deep learning samples and combine orthophoto and 

off-nadir images through a multi-modal integrated change detection structure. 



The rest of this paper is structured as follows. In section 2, we present the study 

area and the framework for earthquake building damage detection. Then, results and 

discussion are described in sections 3 and 4, respectively. An overview of this study, the 

results, and future works are reported in section 5. 

Materials and methods 

Study area 

To validate the presented framework for earthquake building damage detection, two 

comparative experiments are conducted using the 2010 Haiti earthquake images. The 

earthquake happened on 12 January 2010, at 16:53 local time (21:53 UTC) (catastrophic 

magnitude 7.0 Mw), which resulted in extensive casualties and damage to structures, 

including the capital city Port-au-Prince. The area contains typical urban structures with 

combinations of small to large and low to moderately high elevation buildings. In this 

study, we use a WorldView-2 (WV-2) satellite image acquired on 09 January 2010 as the 

pre-event satellite imagery (Figure 1a). The post-event satellite imagery was gathered by 

WV-2 satellite on 15 January 2010 (Figure 1b). The WV-2 data contain multispectral 

bands at 2 m resolution and a panchromatic band at 0.5 m resolution. In addition, a post-

event airborne orthophoto (Figure 1c) and light detection and ranging (LiDAR) data 

(Figure 1d) were collected at about 750 m above ground level (that resulted in 

approximately 0.25 m data resolution) by the Centre for Imaging Science at Rochester 

Institute of Technology and Kucera International under sub-contract to ImageCat, Inc.; 

the project was funded by the Global Facility for Disaster Recovery and Recovery hosted 

at the World Bank between January 21st and January 27th, 2010. The LiDAR data was 

classified into five classes, including “Class 1: Unclassified”, “Class 2: Ground”, “Class 

6: Building”, “Class 7: Low Point”, and “Class 15: Transmission Tower”. Table 1 reports 



the specifications of the data used in this study. Moreover, building footprints were 

delineated manually, and their damage status (damaged and non-damaged) was assigned 

visually (Figure 1d). To avoid spatial overlap between training and test samples, ground 

truth is spatially separated into the top (training) and bottom (test) parts. 

Table 2 presents the bi-temporal combinations of images for earthquake building 

damage detection. The images of the homogeneous dataset are selected from the same 

satellite with different viewing angles (both azimuth and off-nadir angles are different). 

On the other hand, the images of the heterogeneous dataset are selected from across-

sensor imagery (off-nadir satellite imagery and airborne orthophoto) with different spatial 

and spectral resolutions. Thus, both combinations result in high amounts of relief 

displacement in different directions, causing difficulties for traditional co-registration 

methods in earthquake building damage detection, which will be addressed in this study. 

Methodology 

In this paper, a multi-feature fusion based on deep transfer learning is presented to 

accomplish earthquake building damage detection. The presented method can be divided 

into four different steps: (1) pre-processing, (2) deep feature extraction, (3) deep feature 

fusion, and (4) transfer learning. Figure 2 depicts an overview of the presented framework 

for earthquake building damage detection. These steps will be explained in detail in this 

section. 

(1) Pre-processing 

In the pre-processing step, University of New Brunswick (UNB) PanSharp, which is a 

patented technology for image fusion, is used to fuse high-resolution panchromatic and 

low-resolution multispectral imagery and to create a single high-resolution colour (RGB) 

image for both pre- and post-event satellite images. UNB Pansharp addresses significant 



image fusion challenges using the least square method to reduce colour distortion and 

statistic techniques to remove dataset dependency (Fathollahi and Zhang 2020). In 

addition, the orthophoto is registered to the airborne LiDAR data as the reference using a 

first-order polynomial registration method. Next, radiometric normalization and linear 

enhancement, which are the process of uniformly distributing the image’s histogram, are 

used to minimize the radiometric changes due to the time difference between the images. 

For each building footprint, the corresponding patches in bi-temporal images are 

detected by the patch-wise co-registration method (the details will be explained in the 

patch-wise co-registration section in the following). Then, paired small sub-images (in 

our case, deep learning samples) are created over the above segments in pre- and post-

event images. Furthermore, data augmentation is applied to artificially expand the 

training set that leads to improving sufficiency in generalizing what the framework has 

learned. For this purpose, a combination of zero-padding and scaling-up is used to resize 

image chips up to the framework input size, which is 224×224. Then, the training set is 

randomly rotated clockwise by a given number of degrees, flipped vertically and 

horizontally, and brightened using scaling pixel values. 

Patch-wise co-registration. This method was originally proposed to overcome the 

adverse effect of the relief displacement on co-registering remote sensing images (Jabari 

and Zhang 2016). In this method, the base image (in our case, the pre-event image) is 

divided into segments (patches). Then, the patches are transferred to their corresponding 

location in the target image (in our case, the post-event image). This solution allows 

registering the images in a segment-by-segment manner rather than a global 

transformation. The transfer is performed using the elevation layer of the area and the 

rational polynomial coefficients of satellite images or the exterior orientation parameters 

of the airborne images used. As acknowledged by Jabari and Zhang (2016), the borders 



of the transferred segments are not smooth due to reprojection and rounding issues. Also, 

due to rounding issues, some pixels in the middle of the segments did not receive any 

projections leaving null segments in the middle. To learn more about this method, please 

refer to (Jabari and Zhang 2018). 

In this study, instead of segmenting the base image, we manually generated a 

building footprint polygon layer using the elevation layer generated by LiDAR data. 

Then, we projected the borders to the base and the target images simultaneously to 

indirectly register them. Furthermore, we applied a majority filter on the projected pixels 

to replace unprojected pixels by the majority of their eight contiguous neighbours. 

Moreover, to smoothen the projected borders, we used the Douglas-Peucker 

generalization algorithm using a threshold of 0.1 of a pixel. Figure 3 illustrates how the 

above image- and vector-processing steps enhance the transferred segments. 

(2) Deep feature extraction 

Residual neural network (ResNet), the winner on the ILSVRC-2015 classification task, 

has been widely used as a starting point for different image recognition applications (Tan 

et al. 2018). ResNet addresses one of the most challenging difficulties in very deep neural 

networks, called the vanishing gradient problem. This problem causes the gradient to 

become infinitely small due to sequential multiplication in the backpropagation step. To 

avoid this problem, ResNet uses “identity shortcut connection” to skip over one or more 

layers (Figure 4) by reusing activations from a previous layer until the adjacent layer 

learns its weights (He et al. 2016). 

In this paper, we used a pretrained version of ResNet-18, which was trained on 

the ImageNet database, to extract meaningful features from pre- and post-event images. 

To benefit from this pre-trained network, we removed the last three layers (Figure 4) to 

customize it for earthquake building damage detection. The truncated ResNet-18 forms 



both pre- and post-event feature learning networks. The feature learning networks are 

aggregated together as a generalized network (in our case, the base model) in deep feature 

fusion section in the following. 

(3) Deep feature fusion 

Recently, deep feature fusion has received considerable attention in the literature (Y. 

Chen et al. 2017). In deep feature fusion, two or more sets of features from different 

networks (in our case, the pre- and post-event feature learning networks) are trained to 

generate a more robust set of final features. For this purpose, there are multiple feature 

fusion strategies (Xu et al. 2019). Among state-of-the-art fusion techniques, in this paper, 

three different ones, namely addition, subtraction, and concatenation, are used as they are 

more relevant to earthquake building damage detection. In the addition and subtraction 

fusion techniques, multiple features from different networks are combined by element-

wise sum and difference operators to highlight changes. The concatenation fusion strategy 

links the sequence of extracted features that enhances model robustness in terms of non-

uniformity in bi-temporal images, such as misalignment. So, the pre- and post-event 

feature learning networks are aggregated together, followed by a customized head. The 

head starts with an adaptive concatenation pooling layer that links the average with the 

maximum pooling layer to preserve both activations from the last convolution layer. 

Then, it uses a flatten layer before going on blocks of batch normalization, dropout, and 

linear transformation layers. Figure 5 represents a schematic diagram of the feature fusion 

strategy. 

(4) Transfer learning 

Transfer learning has lately become increasingly popular in different image recognition 

applications (Tan et al. 2018). In this learning method, a pretrained model (in our case, 



ResNet-18) that was previously trained on a large dataset (in our case, the ImageNet 

dataset) is customized to a given task (in our case, earthquake building damage detection). 

For this purpose, the pretrained model can be used as it is (called feature extraction) or is 

customized using transfer learning (called fine-tuning). In feature extraction, the 

representations learned by the pretrained model are used to extract deep features from 

new samples. Then, a linear classifier, which will be trained from scratch, is added on top 

of the pretrained model. Thus, feature maps learned previously are repurposed for the 

new dataset. Fine-tuning trains both the newly added classifier and the top layers of a 

frozen model. In this context, the higher-order feature representations in the base model 

are fine-tuned to make them more relevant for the new task. 

In general, earlier layers in a network contain more generic features and later 

layers progressively extract detailed features. In this paper, a combination of the above 

transfer learning techniques is utilized. In this regard, the base model is firstly frozen, and 

the customized head is trained from scratch (feature extraction transfer learning). Then, 

the entire framework is unfrozen and re-trained (fine-tuning transfer learning) using 

discriminative learning rates. To this end, the customized head gets the highest learning 

rate and the base model learning rates are gradually decreased. Furthermore, the super-

convergence is applied for re-training the presented framework. This method trains 

residual networks in fewer iterations than the standard training methods by using cyclical 

learning rates (Smith and Topin 2019). 

Experiments and results 

Figure 6 depicts the projected building footprint polygon layer into the (a) pre-event off-

nadir satellite image, (b) post-event off-nadir satellite image, and (c) post-event 

orthophoto using the presented registration strategy. As can be seen, the borders of the 

generated patches appropriately fit together regardless of relief displacements caused by 



different viewing angles in the homogeneous dataset (Figure 6a and b) and across-sensor 

with different spatial and spectral resolutions in the heterogeneous dataset (Figure 6a and 

c). In this figure, an enlarged view of a damaged building and its registration results are 

shown over the pre-event off-nadir satellite image, post-event off-nadir satellite image, 

and post-event orthophoto (Figure 6d-f). Despite the damaged status of the building, the 

registration method could transfer the generated patch for the base image into the target 

images efficiently. 

Figure 7 displays samples of training (the first row), validation (the second row), 

and test (the third row) sets. The chips are created over the projected borders on the pre-

event off-nadir satellite image (the first and the fourth columns), the post-event off-nadir 

satellite image (the second and the fifth columns), and the post-event orthophoto (the third 

and the sixth columns). In addition, the first and the last three columns show non-damaged 

and damaged building instances, respectively. Table 3 demonstrates the number of 

training and test data samples before and after augmentation. 

Three quality indices comprising overall accuracy (OA), Kappa coefficient, and 

F1-Score are used to quantify the performance of the presented framework for earthquake 

building damage detection. The overall accuracy represents the number of correctly 

classified values, the Kappa coefficient measures the agreement between classification 

and ground truth, and F1-Score is a suitable metric for imbalanced training data 

(Mahdianpari et al. 2018). Table 4 represents the formulas related to the above-described 

quality indices. Besides, all experiments are conducted with fast.ai in Colaboratory 

(“Colab” for short). Colab allows executing code on Google’s cloud servers, which utilize 

Google hardware containing graphics processing units and tensor processing units, 

regardless of the power of the machine that runs the code on Colab. 



For both homogeneous and heterogeneous datasets, the base model extracts 

meaningful features from the input images. Then, two sets of descriptors from pre- and 

post-event feature learning networks are aggregated together using addition, subtraction, 

and concatenation feature fusion methods. Next, the fused descriptors go into the 

classifier head (Table 5). After that, the framework is trained based on the feature 

extraction strategy (the customized head is trained from scratch using the highest learning 

rate). The highest learning rate can be extracted from the learning rate curve at the steepest 

decline of loss. Figure 8 shows the learning rate curve for addition (the first column), 

subtraction (the second column), and concatenation (the third column) fusion techniques 

across homogeneous (the first row) and heterogeneous (the second row) datasets. Finally, 

the entire framework is re-trained based on the fine-tuning technique (the framework is 

unfrozen and re-trained using the discriminative learning rates). For this purpose, the 

cross-entropy and Adam were selected as the loss function and the optimization 

algorithm. Moreover, the number of epochs, batch size, learning rate, weight decay and 

momentum rate was set to be 5, 64, 5×10-3, 10-4, and 0.9, respectively. 

For accuracy assessment, we visually marked the bottom part of the study area 

(test set) as damaged and non-damaged (Figure 1d). Meanwhile, for each homogeneous 

and heterogeneous image chip in the test area, the framework estimates a damage status 

(i.e. damaged and non-damaged). Later, three above-described quality indices are used to 

evaluate the performance of the presented framework for earthquake building damage 

detection. Table 6 displays damage detection quality indices for different fusion strategies 

and both transfer learning techniques in the homogeneous and heterogeneous datasets. As 

can be seen, the subtraction fusion strategy in the heterogeneous dataset has the highest 

quality indices in distinguishing damaged from non-damaged ones. Figure 9 illustrates 

the damage map, which is estimated based on the subtraction fusion strategy in the 



heterogeneous dataset as the most accurate one, against the ground truth for better visual 

inspection. In Figure 9a, green and red colours show non-damaged and damaged 

classified damage status estimated by the presented framework. In Figure 9b, green and 

red colours denote correctly classified non-damaged (true positive) and damaged (true 

negative) buildings, while blue and pink colours show wrongly classified non-damaged 

(false negative) and damaged (false positive) buildings. Also, Figure 10 shows two 

wrongly classified non-damaged and damaged buildings over the pre- and post-event off-

nadir and orthophoto images. Finally, we compare our results (DL) with three 

conventional change detection methods, i.e. change vector analysis (CVA), support 

vector machines (SVM), and random forest (RF). Figure 11 shows the calculated OA and 

Kappa coefficient of different change detection methods. 

Discussion 

As shown in Figure 6, regardless of the different relief displacement directions of the 

buildings in the images or structure of the urban area, the presented registration method 

has been able to project the building footprint polygon layer into the pre- and post-event 

images. Neither the different viewing angles in the homogeneous dataset nor across-

sensor imagery with different spatial and spectral resolutions in the heterogeneous dataset 

affects the registration method. 

As shown in Table 2, we tested the presented framework on two different bi-

temporal combinations of images to assess the framework’s proficiency in terms of 

building damage detection. In this section, we elaborate the results from different points 

of view consisting of (1) data selection, (2) feature fusion techniques, (3) transfer learning 

strategies, and (4) change detection methods comparison. 

In terms of (1) data selection, the presented framework has a lower loss in the 

heterogeneous dataset than the homogenous one (Figure 8) because the orthoimage in the 



heterogeneous dataset is not affected by the relief displacement, and its spatial resolution 

is two times better than the post-event data in the homogenous images. So, the presented 

change detection method achieved the highest overall accuracy of 87% for the 

homogeneous dataset, while the accuracy is 11% higher in the heterogeneous images 

(Table 6). 

In terms of (2) feature fusion techniques, as reported in Table 6, the subtraction 

fusion method achieved the highest overall accuracy across all datasets, i.e. an overall 

accuracy of 87% for the homogenous images and 98% for the heterogeneous one. In the 

homogenous dataset, the accuracy achieved by the subtraction fusion technique is 1% and 

4% more than the accuracy achieved by addition and concatenation fusion methods. In 

the heterogeneous dataset, the trend is similar. The addition and concatenation fusion 

techniques achieved an overall accuracy of 92% and 91%, respectively, while the 

subtraction fusion method achieved an overall accuracy of 98%. 

In terms of (3) transfer learning strategies, fine-tuning strategy outperforms the 

feature extraction one across all tests (Table 6). So, re-training the higher-order feature 

representations in the base model makes them more relevant for building damage 

detection. 

In terms of (4) change detection methods comparison, as shown in Figure 11, The 

traditional methods achieved the highest overall accuracy of 85%, while the presented 

method achieved an overall accuracy of 98%. Regarding the Kappa coefficient, the trend 

is similar. The traditional change detection achieved the highest Kappa of 0.70, while the 

presented method achieved a kappa of 0.91 (Figure 11). Furthermore, it can be seen that 

the traditional methods classified the homogeneous images more accurately while the 

heterogeneous dataset includes the highest spatial resolution post-event image. On the 



contrary, the presented framework benefited from this spatial resolution and identified 

damaged buildings more accurately. 

As shown in Figure 10, wrongly classified damage status can be either the result 

of coarse image resolution that is not able to detect minor damages (even by human 

observers) or the objects that are affected by natural features. Thus, a higher spatial 

resolution image can improve damage detection accuracy. Also, multi-view imagery can 

be utilized to provide a complete view of urban structures to overcome the latter problem. 

Conclusions 

Considering the emergency nature of disaster management applications, in this study, we 

aimed to present a building damage detection framework to utilize different data sources 

by utilizing images taken by different platforms and from different view angles as bi-

temporal images. To this end, we used images with different geometrics consisting of off-

nadir and orthophoto images. As the traditional co-registration techniques are not able to 

align such images, we used the patch-wise co-registration method to compensate for the 

difference in the geometric properties of the images. The conventional change detection 

methods cannot handle significant radiometric differences in the images for accurate 

building damage detection. Therefore, we improved the change detection method using 

deep learning in a multi-modal integrated structure. 

By evaluating the presented framework using bi-temporal combinations of 

images, it is concluded that building damage detection using homogeneous (different 

view angles) and heterogeneous (across-sensor imagery) sets are possible. We could use 

a patch-wise co-registration method, followed by a deep learning framework, to detect 

damaged buildings with high accuracy, regardless of sensor type or view angles of the 

images. However, it is worth mentioning that the accuracy of the building damage 

detection is always tied to the spatial resolution of the images.  
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Tables 

Table 1. General specifications of the data used for earthquake building damage detection 

in this study. 

Data Sat. image Sat. image Orthophoto Elev. layer 

Sat.a/Abn.b WV-2 WV-2 Abn. Abn. 

Date 2010-01-09 2010-01-15 2010-01-27 2010-01-27 

Sat. Az.c (deg) 321.3 61.4 - - 

Sat. Elev.d (deg) 61.8 68.6 - - 

Solar Az. (deg) 155.5 148.8 - - 

Solar Zenith (deg) 45.7 44.3 - - 

Approximate GSDe (m) 0.55 0.51 0.27 0.50 

Number of spectral bands 8 8 3 (RGB) - 

a. Satellite; b. Airborne; c. Azimuth; d. Elevation; e. Ground sampling distance. 

  



Table 2. Bi-temporal combinations of the images used for earthquake building damage 

detection in this study. 

Dataset Base Target Specification 

Homogeneous WV-2 WV-2 Combination of pre- and post-event off-nadir 

satellite images with different viewing angles 

Heterogeneous WV-2 Orthophoto 

Combination of pre-event off-nadir satellite 

image and post-event orthophoto with different 

spatial and spectral resolutions 

  



Table 3. The number of samples used for training and evaluating the earthquake building 

damage detection framework. 

Description 
The number of training data 

before/after augmentation 
The number of test data 

Non-damaged 550/2200 1022 

Damaged 200/2200 128 

Total 750/4400 1150 



Table 4. Formulas related to quality indices. 

Description Formula  

OA (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁) (1) 

Kappa (𝑂𝐴 − 𝑟𝑎𝑛𝑑𝑜𝑚 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦)/(1 − 𝑟𝑎𝑛𝑑𝑜𝑚 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦) (2) 

random Accuracy 
(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) + (𝑇𝑁 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃)

(𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁) × (𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁)
 (3) 

F1-Score 2 × (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙)/(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙) (4) 

Precision 𝑇𝑃/(𝑇𝑃 + 𝐹𝑃) (5) 

Recall 𝑇𝑃/(𝑇𝑃 + 𝐹𝑁) (6) 

𝑇𝑃 = 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒; 𝐹𝑃 = 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒; 𝑇𝑁 = 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒; 𝐹𝑁 = 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 

  



Table 5. The customized head architecture for earthquake building damage detection. 

Layer (type) 
Output array dimension 

Pre-event Post-event 

Pretrained ResNet-18 features [512, 7, 7] [512, 7, 7] 

(0): Concatenation pooling 
Average pooling [512, 1, 1] [512, 1, 1] 

Maximum pooling [512, 1, 1] [512, 1, 1] 

(1): Flatten [1024] [1024] 

(2): Batch normalization [1024] [1024] 

(3): Dropout [1024] [1024] 

(4): Linear [512] [512] 

(5): Rectified linear activation function [512] [512] 

(6): Batch normalization 
Addition/subtraction fusion [512] 

Concatenation fusion [1024] 

(7): Dropout 
Addition/subtraction fusion [512] 

Concatenation fusion [1024] 

(8): Linear [2] 

  



Table 6. Overall accuracy, Kappa coefficients, and F1-score of the earthquake building 

damage detection across all datasets. 

Fusion 

strategy 

Transfer 

learning 
Parameters 

Homogeneous Heterogeneous 

OA Kappa F1 OA Kappa F1 

Addition 

Feature 

extraction 
1,074,946 82% 0.64 80% 92% 0.83 91% 

Fine-tuning 23,408,770 86% 0.72 85% 92% 0.84 92% 

Subtraction 

Feature 

extraction 
1,074,946 85% 0.70 83% 97% 0.89 91% 

Fine-tuning 23,408,770 87% 0.73 85% 98% 0.91 92% 

Concatenation 

Feature 

extraction 
1,076,994 82% 0.64 81% 90% 0.80 90% 

Fine-tuning 23,410,818 83% 0.66 82% 91% 0.82 91% 

  



Figures 
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(c) (d)  

Figure 1. Study area: (a) pre-event WV-2 off-nadir satellite image, (b) post-event WV-

2 off-nadir satellite image, (c) post-event orthophoto, and (d) post-event airborne 

LiDAR and the overlaid building footprint polygon layer (red and green colours denote 

damaged and non-damaged status and the yellow line separates the training (top) and 

test (bottom) areas). 

  



 

Figure 2. A schematic diagram of the presented framework for earthquake building 

damage detection. 
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(e) (f) (g) (h) 

Figure 3. The projected building borders enhancement using image- and vector-

processing: Figures (a) and (c) display the corresponding segments on pre- and post-

event off-nadir satellite images and their majority filtering results are shown in (b) and 

(d). Figures (b) and (d)’s vectorization images are also represented in (e) and (g), and 

their Douglas-Peucker generalization results are illustrated in (f) and (h). 

  



 

Figure 4. A schematic diagram of ResNet-18 model. 

  



 

Figure 5. A schematic diagram of the feature fusion strategy. 
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(d) (e) (f) 

Figure 6. The PWCR registration of (a) pre-event WV-2 off-nadir satellite image, (b) 

post-event WV-2 off-nadir satellite image, (c) post-event orthophoto, and an enlarged 

view of a damaged building registration results (d-f). 
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Figure 7. Sample data used for training and evaluating the earthquake building damage 

detection framework. 
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Figure 8. Learning rate curve of the earthquake building damage detection across all 

datasets. 

  



  
(a) (b) 

Figure 9. Visual inspection of the most accurate damage map in the (a) heterogeneous 

dataset against (b) ground truth (the colours green, red, blue, and pink represent non-

damaged building classified as non-damaged, damaged building classified as damaged, 

damaged building classified as non-damaged, and non-damaged building classified as 

damaged, respectively). 
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Figure 10. Sample results of wrongly classified damage status.  

      



  

Figure 11. The OA and Kappa coefficient of different change detection methods. 
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