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Abstract

:

Multispectral (MS) and hyperspectral (HS) images have been successfully and widely used in remote sensing applications such as target detection, change detection, and anomaly detection. In this paper, we aim at reviewing recent change detection papers and raising some challenges and opportunities in the field from a practitioner’s viewpoint using MS and HS images. For example, can we perform change detection using synthetic hyperspectral images? Can we use temporally-fused images to perform change detection? Some of these areas are ongoing and will require more research attention in the coming years. Moreover, in order to understand the context of our paper, some recent and representative algorithms in change detection using MS and HS images are included, and their advantages and disadvantages will be highlighted.
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1. Introduction


Multispectral (MS) and hyperspectral (HS) images have more bands than the RGB images. Well-known examples of MS images include Landsat and Worldview images. Landsat has 11 bands [1], and Worldview-3 images have one panchromatic, eight visible and near infrared (VNIR), and eight short-wave infrared (SWIR) bands [2]. The spatial resolution can differ a lot. Landsat has 30 m resolution in most bands, and Worldview-3 has 1.2 m resolution in VNIR bands and 7.5 m in SWIR bands. Examples of HS images include Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) [3] and Adaptive Infrared Imaging Spectroradiometer (AIRIS) [4]. AVIRIS images have 224 bands in the range of 0.4 to 2.5 microns. AIRIS is a longwave infrared (LWIR) sensor with 20 bands for the remote detection of chemical agents such as nerve gas.



MS and HS images have been widely used in fire damage assessment [5], anomaly detection [6,7,8,9,10], chemical agent detection and classification [11], border monitoring [12], target detection [13,14,15], and change detection [16,17]. Due to cost considerations, different imagers need to trade off among spatial, spectral, and temporal resolutions. A high spatial resolution imager normally cannot also have a high spectral resolution, and vice versa. There are over 200 bands in NASA’s future Hyspiri mission, but the spatial resolution is only 60 m [18]. Although Hyspiri [19] intends to provide global coverage, its 60 m resolution is low for many applications such as ship detection in harbors, airplane detection and counting in airports, etc. Some new advances in improving the spatial resolution of MS and HS images have recently been achieved; see [20,21,22] and the references therein. Fusion methods based on pan sharpening have been used to improve the spatial resolution of MS and HS images.



In addition to the above resolution issues in MS and HS images, other research topics exist, such as anomaly detection, change detection, etc. Change detection normally refers to the detection of changes between images collected at two different points in time. For example, counting the number of cars over time in shopping centers will provide business intelligence to shop owners. Another application is related to border monitoring, where illegal trails may be detected by comparing images collected at different times. However, there are some practical issues such as changes due to illumination, misregistration, parallax, etc. Another important issue is computational load, as HS images have hundreds of bands.



It should be mentioned that the goal of this paper is not to provide a comprehensive review of change detection algorithms. Some recent review papers already presented an excellent overview of the algorithms up to 2005 [23], up to 2012 [24,25], and up to 2015 [26]. Instead, we include reviews of about 50 papers published after 2015. Moreover, our goal is to raise some challenges and practical issues in change detection using MS and HS images from a practitioner’s point of view. In the past five years, we have been working on applications such as border monitoring [12,17,27,28], refugee camp growth monitoring [29], Mars exploration using multispectral imagers [30,31,32,33,34], airplane detection using satellite images [29], etc. From those applications, we observed some challenging issues that, in our opinion, have been overlooked by academics, and which are still unresolved. For example, the registration of non-nadir images [35], which are taken from rovers, satellites, or airborne sensors, is still an unsolved problem. Another unsolved problem is about registering two images with different views. Due to non-planar image contents [36], there are still no satisfactory with which methods to align two images. Moreover, we found that the use of synthetic spectral bands can enhance the detection performance in some cases [28,37], but in other cases [29], we did not see much benefit. Other practical issues exist, such as change detection using fused images [38]. All of these observations are drawn from practice, and solving them will be important for many practical applications.



In this paper, we first review some representative change detection methods using MS and HS images in Section 2; more than 50 recent papers after 2015 are included. The advantages and limitations of some representative methods will be mentioned. Some new developments, including multiple sensing modalities, in change detection will be summarized as well. This will lay down the foundation for further discussions. In Section 3, we will mention some challenging directions from practitioners’ viewpoints in this area. For instance, one active research area is to perform change detection using images generated by temporal fusion. Finally, concluding remarks will be given in Section 4.




2. Change Detection Approaches


Here, we will review some representative change detection algorithms for MS/HS images. Since our goal is not a comprehensive review of all past algorithms, we may have missed some of the good papers in this area, which readers are encouraged to peruse [23,24,25,26]. In order to illustrate the performance of different algorithms, we will also include some results for some of them; their advantages and disadvantages will be highlighted.



2.1. Traditional Approaches


Below, we describe some standard approaches in change detection.



2.1.1. Direct Subtraction


Given two images collected at different times, the simplest method is to perform a direct subtraction of the two, with the error indicating the changed areas. Although this method has obvious disadvantages such as errors caused by illumination and shadows, it is very simple and is still being used by many people.



After subtraction, change detection will be carried out by looking for anomalies in the difference image. Some change detection metrics can be used:



Euclidean distance (ED) [39], defined as


   f e   (   v 1  ,  v 2   )  =  ‖   v 1  −  v 2   ‖   



(1)




where    v 1    and    v 2    are pixel vectors at times    t 1    and    t 2    of the same location.



	
Absolute average difference (AAD) [40], defined as


   f a   (   v 1  ,  v 2   )  =  |  a v g  (   v 1  −  v 2   )   |   



(2)







	
Vector angle (VA) [41], also known as spectral angle, and defined as


   f v   (   v 1  ,  v 2   )  = arccos  (     v 1    T   v 2     ‖   v 1   ‖  ×  ‖   v 2   ‖     )   



(3)







	
Normalized Euclidean distance (NED) [42], defined as


   f n   (   v 1  ,  v 2   )  =  ‖   (   v 1  −  v 2   )  / σ  ‖   



(4)




where   σ   is the normalized variance of all the pixels in the two images.






It is worth mentioning that change vector analysis (CVA) and its variants belong to this direct subtraction class, and have been widely used in change detection. Details can be found in [26].



Here, we provide a review of a variant of CVA. In a paper by Liu et al. [41], a Sequential Spectral Change Vector Analysis (S2CVA) algorithm was proposed for HS images. It is a semi-automatic approach that can perform multi-level change detection. The first level detects whether there is any change. If there is change, the algorithm goes up one level to detect and discriminate certain change clusters. For each cluster, the algorithm goes up another level to further detect and discriminate smaller clusters within it. The process repeats a number of times.



We will also review another interesting paper on direct subtraction. In [39], Zanetti et al. analyzed the pixel magnitude distribution of the difference of two images collected at two times. The Rayleigh distribution can be used to model the magnitude of unchanged pixels, while the Rician distribution is for modeling the distribution of magnitude of change pixels. Different from conventional approaches, which use approximate Gaussian mixtures to model the distributions, they applied the Expectation-Maximization (EM) algorithm to directly estimate the parameters of the Rayleigh and Rician density models. The proposed algorithm was compared with other methods using synthetic and actual multispectral images, and was demonstrated to yield excellent change detection performance.




2.1.2. Principal Component Analysis (PCA)


Assuming the images at two different times are MS or HS images with multiple bands, the PCA method consists of the following steps [43].




	
For each band, a 2D graph is created in which the X axis is the pixel value from image 1 and the Y axis is the pixel value from the same band in image 2. Each point then will correspond to a location on the images, and the value of each axis will correspond to the pixel value on each image.



	
PCA is performed for the above 2D data and the distance in the second component is considered as the difference between images 1 and 2.



	
The above process is applied to each channel independently. Each change map is thresholded. Change maps from multiple channels are fused by taking the union of all maps.








The above idea was applied to change detection using MS images. Details of the results can be found in [43].




2.1.3. Change Detection Based on Band Ratios


In the literature [43,44,45], there are many variants of band ratios, including the normalized difference of vegetation index (NDVI). People have used these band ratios for land use land cover (LULC) applications.



The NDVI index is used to measure the amount of green vegetation in a given point. The index is calculated in each spatial coordinate of the image as follows:


  N D V  I  W V − 2   =   N i r 2 − R e d   N i r 2 + R e d    



(5)







In the case of the Worldview-2 (WV-2) images, Nir2 is channel 8 and Red is channel 5. Normally, in vegetation change detection between two images at different times, one applies NDVI to each image and identifies the vegetation areas. The changes can be obtained by subtracting the NDVI maps.





2.2. Prediction Based Approach


In Eismann’s book [46], an excellent summary of a prediction-based approach to change detection was presented. The basic idea behind this approach is to match the statistics (up to the second order) of the reference and test images before a subtraction is performed. This will minimize false alarms caused by illuminations. Figure 1 [16] shows a general process of prediction-based change detection, which has two parts:




	(1)

	
Prediction/Transformation. The original reference image (R) and test image (T) are transformed to new spaces as PR and PT. In change detection, the reference image normally refers to an image at an earlier date, and the test image is the image at a later date.




	(2)

	
Change Evaluation. The residual between the transformed image pair is generated. If the interest is only in which pixels have changed, then an anomaly detector is usually applied. If one is more interested in the type of changes, then some additional pixel analyses are needed for the changed areas.









2.2.1. Prediction


Here we mention several representative prediction methods below.



Covariance Equalization (CE) [47]



The core idea in CE is to normalize both the reference and the test images. Mathematically, CE consists of the following steps:




	
Compute mean and covariance of R and T as    m R   ,    C R   ,    m T   ,    C T   



	
Do eigen-decomposition (or SVD).    C R  =  V R   D R   V R T   ,    C T  =  V T   D T   V T T   



where VR and VT are the orthonormal eigenvectors, and DR and DT are the singular values of R and T.



	
Do the transformation.


   P R  ( i )  =  V R   D R  − 1 / 2    V R T   (  R  ( i )  −  m R   )    ,   P T  ( i )  =  V T   D T  − 1 / 2    V T T   (  T  ( i )  −  m T   )    



(6)












Chronochrome (CC) [48]



Compared to CE, CC also computes the cross-covariance between the reference and test images. Details of CC can be summarized below:




	
Calculate means and covariances of R and T as    m R   ,    C R   ,    m T   ,    C T   



	
Generate cross-covariance between R and T as    C  T R    



	
Perform the transformation.


   P R  ( i )  =  C  T R    C R  − 1    (  R  ( i )  −  m R   )  +  m T    ,   P T = T   



(7)












According to Eismann [46] and our own experience [16], CC is more accurate if the registration is accurate. On the other hand, CE is more robust to registration errors.



Nonlinear Neural Network (NN)



In CE and CC, second order statistics are matched between the reference and test images. However, this may not be sufficient for some applications. Neural networks (NNs) are well-known for their ability to capture nonlinear behavior between two quantities. We believe that NNs can be used to learn the higher order nonlinear mapping between the reference and the testing image. In papers [16,49], we applied a NN to learn the mapping between R and T. In that work, we used a standard two-layer neural network. Given a MS or HS image with N bands, there will be N inputs and N outputs in the neural network. The neuron number is a design parameter. When the number of neurons is 0, the neural network degenerates to a linear mapping similar to CC or CE. When the number of neurons, K, is non-zero, the NN with a hidden neutron layer is then a nonlinear generalization of the CC or CE methods. Some experimental results are presented in [16] that demonstrate the advantages of using NN over CC and CE. We will also include some results a little later to demonstrate that the NN results are better than CC.



Segmented Linear Prediction (SLP)



The CE, CC, and NN methods all perform well when the statistics are space invariant. In practice, this may not be true. For example, illumination variations due to shadows may be present in different parts of the reference and test images. Such illumination changes may be misinterpreted as real changes, which is not desirable.



In [50], a strategy was proposed to handle the spatially-varying statistics case. The idea is to perform joint spectral clustering of the two images. The pixels at the same locations are stacked together and the joint pixels are clustered. After that, CE and CC are then applied separately to each cluster. Experimental results clearly demonstrated that SLP is much more accurate and more robust to illumination variations.



Local Approaches



An alternative idea to SLP is to perform CE, CC, and NN locally. The local approach can also handle spatial varying statistics, and is very simple to implement. Figure 2 illustrates the local prediction idea. The key steps are as follows:




	
Divide the images into non-overlapped blocks.



	
For each non-overlapped block, pick the prediction windows in the images. The prediction window size is larger than the non-overlapped block.



	
Apply CE, CC, or NN within the prediction window



	
Fill in the block in the predicting image. See Figure 2 [16].








In [16], experiments were carried out to compare the local-based approach and SLP. We include some partial results here. There are four prediction experiments in Figure 3 [16]. Columns one, two, and three show the global CC results, segmented CC results, and local CC results, respectively. One can see that the local CC results gave the lowest residuals, meaning that its prediction is most accurate.




2.2.2. Residual Analysis


After prediction, a difference image will be formed. The ED, AAD, VAD, and NED formulae mentioned in Section 2.1 can be used to perform the change detection. Here, we would like to review several sophisticated methods as well.



RX [51,52]



The Reed-Xiaoli (RX) detector is well-known for the detection of anomalies in MS and HS images. Given a single MS or HS pixel as the test vector in the residual image, the RX-algorithm can be expressed as [52]


  RX (  r  ) =    (   r  −    μ ^   b   )   T     C ^   b  − 1    (   r  −    μ ^   b   )   



(8)




where      C ^   b    and      μ ^   b    are the covariance matrix and mean of the background pixels, respectively.



KRX [52]



The key idea in Kernel RX (KRX) is to perform RX in the kernel domain where the original pixels are projected to an infinite dimensional space. According to the results in [16,52], kernel RX has better performance than RX. However, the computational load is enormous.



CKRX [16]



Since the computational load of KRX is thousands of time greater than that of RX, a computationally-efficient algorithm known as Cluster Kernel RX (CKRX) was proposed [16]. The key idea was to use cluster centers in the background to compute the detection index. The performance of CKRX is comparable to that of KRX, but with much lower computational cost.



It should be emphasized that many new anomaly detection algorithms have emerged in recent years [53,54]. A separate survey is needed for this area alone.





2.3. Alternative Approaches


Here, we would like to review some alternative developments in change detection.



2.3.1. Change Detection Using Multiple References


In addition to illumination changes, seasonal changes, and atmospheric effect, it is well known that image registration may not be perfect. In addition, parallax is an important practical issue during data collection. Here, we describe a change detection approach using multiple reference images, if they are available, to alleviate these problems. The Multiple References Change Detection (MRCD) algorithm proposed in [55] is modular, flexible, and nonlinear, as nonlinear operations are involved. Figure 4 [55] shows the signal flow in MRCD. Details of the MRCD are shown below (Algorithm 1).








	Algorithm 1. MRCD: (Multiple References Change Detection) [55]



	Input: A set of reference images    {   R i   }   , a test image T, a single reference change detection function f

Output: Change detection result image O

Algorithm:

	
   M  i j   = f  (   R i  ,  R j   )   ; f consists of two steps: a) Chronohrome (CC) step; b) anomaly detection



  M =    (   ∏   M  i j      )     1 N     ; geometric mean to combine the various Mij into a single image (normal variations)



	
   O i  = f  (   R i  , T  )   ; use the same change detection function f  O = min  (   O i   )   ; min. operations to minimize false alarms and generate a single change detection image



	
  O = O − M  ; residual image (removes the normal variations in the changes)



  O  (  O < 0  )  = 0  



Apply an anomaly detection algorithm such as the RX algorithm [51], KRX [52], or CKRX [16] to the residual image O.



	
Smooth the detection results by using low pass filters to further minimize false alarms












2.3.2. Band Rationing


The definition of band-ratioing is simply the ratio of the pixels from two images [44,56]; many variants that are well-known. For example, the normalized difference of vegetation index (NDVI) has been widely used for vegetation detection. A new change detection framework that utilizes new, band-ratioed images was proposed [45]. According to this idea, the reference image cube is first segmented, and for each segment, two bands are determined according to lowest and highest variation in the pixels belonging to the same segment. The new band image is then obtained for both the reference and test image cubes using the same band pair. This has been repeated for all other segments. That is, if there are M segments, there will be at most M new image bands at the end of band-ratioing (for both reference and test image cubes) to be used for change detection. The change detection framework with the band-ratioing idea is introduced in Figure 5 [45]. It can be seen that the architecture is modular and flexible, as we can apply different algorithms in each individual block.



A related paper [57] used a bi-band approach for change detection. There are some similarities between this bi-band approach with that of our work [45]. The bands with maximum and minimum correlations between two images are determined and differenced. Some additional processing will then determine the changed masks. The algorithm contains methods that are easy to implement; yet, the performance in the experiments is quite good using actual data sets.




2.3.3. Deep Learning (Autoencoder)


An unsupervised change detection algorithm based on a deep autoencoder was proposed by Xu et al. [58]. The architecture of the auto-encoder is shown in Figure 6 [43]. The idea is to train the autoencoder with patches from image 1 as inputs and patches from image 2 as outputs. The validation data are two sets of the same patches from image 1. Then, to compute the changes, one needs to evaluate all the patches of image 1 in the autoencoder and then subtract each of the decoded patches by their corresponding patch from image 2. Motivated by the work in [58], the following algorithm summarizes the change detection algorithm using an auto-encoder for MS images (Algorithm 2). More details can be found in [43].








	Algorithm 2. Change Detection Using Auto-encoder:



	Input: Past images {x1, …, xM}; Current image {y}

Output: Change map

Steps:

  For image pairs {xi,y}, i = 1, …, M

	
Collect patches;



	
Patches of xi as inputs to autoencoder and patches of y as outputs. Forward training followed by backward training until steady state has been reached.



	
Subtract y from the predicted y with xi as input



	
Threshold the difference image



	
Repeat for each i



	
Perform an intersection of the of the difference images.



	
Perform a closing to connect the isolated regions and then an erosion operation to remove the isolated regions.












2.3.4. Joint Sparsity Approach


In a paper published in 2018 [59], a new approach was presented to perform change detection using joint sparse representation. The multi-temporal hyperspectral images are first stacked together. Then, a dual window around the test pixel is used to select local neighborhood pixels. If the test pixel is changed, its reconstruction coefficients will be different. Interested readers can refer to [59] for details.





2.4. Other Approaches


In [26], alternative approaches are mentioned. Statistical methods such as [39,60] have been used in CVA analyses. Experimental results showed that the change detection results can almost approach optimal performance using some satellite images. Morphological methods such as the one in [61] are also mentioned in [26]. Finally, in the classification-based change detection methods mentioned in [26], pixel classification algorithms are applied to two images separately, and changes are detected via some post-classification analysis.



We would like to point out some papers in change detection using heterogeneous images. For example, one may want to detect changes between an earlier SAR image and a later optical image, and vice versa, for the same area. Some representative papers [62,63,64,65,66,67] have been published in recent years. This research is very challenging, and more research is needed. We have also started to work in this area.




2.5. Survey of Approaches After 2015


Here, we summarize a survey of close to 50 change detection papers after published after 2015. We divide them into three groups: supervised, unsupervised, and applications. At the end of each subsection, a table summarizing the papers will be provided.



2.5.1. Supervised


The paper in [67] presents a supervised change detection approach for urban areas that has several key characteristics: the first is a feature selection process using two thresholds; the second is the utilization of both spatial and spectral features for change detection; the third is the use of multiple classifiers (extreme learning machine (ELM), multinomial logistic regression (MLR), and K-nearest neighbor (KNN) classifiers). High resolution satellite images (ZY-3) were used for performance evaluation. The proposed method yields better results than existing methods.



A paper by Wang et al. [68] is similar in spirit to [67]. It is an object-based approach that requires the segmentation of objects. Spectral, spatial, and textual features are extracted and then used to generate difference maps. Finally, several supervised classifiers (k-nearest neighbor, SVM, extreme learning machine, and random forest) are used for change detection. Two high-resolution satellite image sets were used in the evaluation.



The advantage of [67,68] is that the proposed approaches are easy to implement. The disadvantage is that it requires a lot of training data, which may be hard to obtain.



It is well-known that VHR images have low class separability. A supervised change detection approach is proposed in [69] based on relationship learning. It begins with enriching the training samples based on their neighborhood relationship and label coherence; this relationship is then learned simultaneously with the classifier. Experiments using actual VHR satellite images demonstrated the performance. The key advantage is that this approach can handle the low class separability issue. However, one potential limitation is that the learned relationship is image dependent, and may be difficult for use with other types of images comprising different contents.



In a paper by Wu et al. [70], the authors propose a scene change detection method via kernel slow feature analysis (KSFA) and post-classification fusion. Experiments with high-resolution remote sensing image scene data sets demonstrated high levels of accuracy in scene change detection. However, it was observed that the Bayesian fusion technique is sensitive to the quality of the estimated change probability.



A paper by Zhang et al. [71] presents a semi-automatic approach that incorporates spatial and spectral features for change detection. Spatial features are used via multiscale feature extraction. The semi-automatic learning part refers to the process of improving the contribution of training samples to the trained model. Applications to two urban data sets (Landsat 7) demonstrated the performance of the proposed approach as compared to some conventional methods such as CVA. However, one obvious drawback of this approach is that it requires human intervention in selecting the training samples, which may be impractical for large-scale applications.



Feature selection is a critical step in image segmentation, which consequently plays an important role in object-based change detection. The paper by Chen et al. [72] applies a genetic particle swarm optimization algorithm to select the best features for segmentation. Experimental results using real data showed that the overall accuracy in change detection exceeded 80%. Although the optimization is insensitive to the initial parameter settings, the performance is sensitive to the number of features and the size of the swarm.



A paper by Hou et al. [73] focuses on building detection. The approach combines pixel- and object-based methods. In the pixel-based method, extended morphological attribute profiles (EMAP) are used in the classification step. In the object-based method, a semi-supervised classification approach based on a random forest is applied. The use of EMAP is similar in spirit to the method described in [37]. There are two limitations according to the authors of [73]: one is the selection of discriminative features, and the other is the selection of the algorithm parameters.



In a paper by Yu et al. [74], the authors proposed a supervised change detection framework. First, unsupervised k-means clustering is used to select representative objects. Users are required to determine which of the samples are “change” or “no change”. Second, active learning via a Gaussian process is used to detect changes. The learning stops when there are no changes in the detection results. Finally, contextual constraints such as color and textures are added via the MRF model. A graph cut is used to generate the final change map. Two data sets of Worldview-2 images were used for performance evaluation. One key limitation of this approach is that users need to be constantly involved in the process, which may be impractical for large area change detections.



One problem in object-based change detection is the scaling issue, which refers to the size of the area of interest. A paper by Feng et al. [75] solves this issue using an object-based approach to urban area change detection (CD). The approach contains a rotation forest (RoF) and coarse-to-fine uncertainty analyses of multi-temporal images. Two HR data sets from Gaofeng imagery were used as a demonstration. It is not clear whether the method can be generalized to other satellite images such as Worldview images, which are collected from non-nadir views with different slant angles. As a result, the building shapes may be very different from image to image.



It is well-known that some pixel-based change detection methods do not exploit spatial information, and that object-based methods have segmentation errors. The paper by Tan et al. [76] focused on change detection using multiple classifiers. Various spatial features such as textures and gradient information are extracted first. The features are used for object classification. Different classifiers such as SVM, CVA, and KNN are then fused using the Dempster Shafer algorithm for change classification. Although the idea is straightforward, the authors have paid attention to the details. Consequently, the experimental results are quite good. One potential improvement is perhaps to incorporate some newer algorithms such as sparsity and deep-learning-based methods into the fusion paradigm.



The following are some representative and recent papers [77,78,79,80,81] based on sparsity optimization.



Chen and Wang [77] proposed a Spectrally-Spatially (SS) Regularized Low-Rank and Sparse Decomposition (LRSD) model. The SCV is decomposed into a locally-smoothed, low-rank matrix, a sparse matrix, and an error matrix for noise. Both synthetic and real-world data sets were used in the experiments.



A paper by Erturk et al. [78] proposed dictionary pruning for hyperspectral change detection using sparse unmixing. Both synthetic and real datasets were used to validate the proposed approach.



In the following few paragraphs, we will summarize some deep-learning-based methods for change detection.



A paper by Wu et al. [79] addresses a practical problem in change detection when only low-resolution images are frequently available. The authors proposed an algorithm that first generates fractional maps from the low-resolution images. The HR image is used to train a neural network for sub-pixel classification. Once trained, the NN can be used to classify the fractional maps in the first step at each time. Finally, the changes can be detected using the sub-pixel classification maps. Experiments using both actual and synthetic data demonstrated the performance.



A Spectral-Spatial Joint Learning Network (SSJLN) was proposed in [80]. The key advantage is that both spectral and spatial information is taken into account. Although the performance is good, the approach requires training data, which may be difficult to obtain in practice.



Wang et al. [81] proposed an algorithm that first applies linear and nonlinear unmixing methods to extract the abundance maps from the input images, which are then used to a create mixed affinity matrix. The affinity matrix is then fed into a CNN network for change detection. Experiments verified the performance of the approach. One key advantage is that only the input images are needed for CNN training.



It should be noted that in all of the aforementioned sparsity-based approaches, the construction of the dictionary may be a concern for practical applications. This is because the performance relies heavily on the choice of the atoms in the dictionary. Moreover, the process requires human intervention and is tedious, and also dependent on experience.



The following few papers [82,83,84] are related to deep learning.



A paper by Lyu et al. [82] was the first on the application of deep-learning-based recurrent neural networks for change detection. The proposed method learns a change rule, and the learned rule can be transferred to new target images. Experiments using Landsat and Hyperion images validated the proposed algorithm.



Song et al. [83] present a change detection framework for hyperspectral images using recurrent convolutional neural networks. The first step is the use of PCA to help select training samples. The second step is the use of recurrent CNN for training and testing. Experiments using Hyperion images showed that the proposed approach can be useful for both binary and multi-class change detection.



In [84], Ma et al. present a heterogeneous change detection algorithm between a synthetic aperture radar (SAR) image and an optical image. The first step is the mapping, which requires the use of some unchanged areas in both images. The pixels are then transformed based on their distance from the changed areas. After the transformation, the two images are then fed into a capsule network for change detection. The capsule network was introduced by Hinton in 2017, and has gained attention since then. The proposed framework was evaluated using both homogeneous and heterogeneous data sets.



Common to all the deep learning approaches mentioned above is the fact that vast amounts of training data are required. It is well known that if the training data are not sufficient in deep learning, then generalization to new images may suffer tremendously.



We follow the tabular format in [26] and create a table summarizing the above papers in Table 1. We categorize the methods into four groups, which are by no means unique. Different authors may have different arrangements. The table contents are complementary to our reviews, in that some notes and data types are included.




2.5.2. Unsupervised


A paper by Liu et al. [85] presents a hierarchical CD approach that can detect multiple levels of changes based on pixel spectral behaviors. Synthetic and real data were used for algorithm verification. One issue with the hierarchical approach appears to be ad hoc, and there are no guidelines on how many levels are sufficient for certain images.



In a paper by Zhuang et al. [86], the authors combined change vector analyses (CVA) and a spectral angle mapper (SAM) for unsupervised change detection. Two strategies were presented which are easy to implement. Synthetic and actual data were used in the performance evaluation. The method is analogous to weighted fusion, and one potential drawback is that the weighting needs to be determined through trial and error.



A paper by Liu et al. [87] presents a novel multi-temporal spectral unmixing (MSU) approach to change detection in HS images. The first step is to perform multi-temporal endmember extraction. The second step is a change analysis to distinguish change and no-change based on the endmembers. Finally, abundance analysis is applied to each pixel for multiple class change detection. Real data were used in the performance evaluation. One potential limitation is that the endmembers need to be known in advance. Moreover, there is no analysis on what happens if the available endmembers are fewer than the actual endmembers.



A new similarity space was proposed in [88] to increase the separation between change and no-change classes. Comparative studies were carried with some standard change detection methods such as image differencing, SAM, and rationing. It would have been good if the authors had included some newer methods in their experiments.



The title of the paper by Shao et al. [89] is a little confusing, as it is unclear whether the approach is unsupervised or semi-supervised. The first key idea is to combine three information types (intensity, labels, and spatial context) in the difference images. The second key idea is a segmentation algorithm for change detection using the above information. Six experiments using various Landsat and SAR images demonstrated the performance of the proposed algorithm. Since the method relies on the direct difference of two images, image registration errors may throw off its accuracy. The authors did not address the robustness issues of their algorithm. Moreover, the comparative study did not include some commonly-used algorithms such as CC or CE.



A paper by Ma et al. [90] focuses on object-based change detection. A comparative study was carried out for four methods in the literature. The objective was to evaluate the four algorithms using different segmentation strategies on two WorldView-2 images. Since segmentation performance depends on threshold, the authors did not provide a threshold selection strategy, and more research appears to be needed in that direction.



Although the title of the paper by Liu et al. [91] mentions change detection using random walks, there are actually some other techniques (PCA and GMM) involved in the process. It is also not clear whether the overall approach is unsupervised, because GMM requires some training data. In any event, the proposed framework appears to work well for several diverse imagers (Landsat, ASTER, and Quickbird).



The idea presented in a paper by Wang et al. [92] is interesting. The key innovation is to generate four cross pansharpened images for a given pair of MS images with pan band. The change detection algorithm used is the iteratively reweighted multivariate alteration detection (IR-MAD) method. According to [92], the proposed method yielded good change detection results in water and vegetation areas. One issue with this paper is that only one method (IR-MAD) was used, while other state-of-the-art methods, and perhaps better and newer algorithms, were not.



A paper by Liu et al. [93] presents both unsupervised and supervised band selection-based, dimensional reduction techniques. The reduced dimension data are then used for change detection. The authors found that using reduced dimension bands allowed their approach to outperform some other change detection methods that use the full bands. Although reduced dimension data can speed up the computations with minimal or no loss of performance, the paper did not provide guidelines on about how many bands are needed for a given data set. Users need to experiment with the number of bands, and this may be a practical issue in applications.



A paper by Lu et al. [94] focuses on the post-processing step in the change detection process, which tries to enhance the change detection maps. In particular, the authors proposed an object-based expectation maximization (OBEM) method that considers multi-scale segmentation and expectation maximum algorithms. Experiments using three images (aerial and satellite) demonstrated the performance of the proposed approach. The authors claim that their approach is applicable to VHR images. However, two out of four images are actually of low resolution. Moreover, focusing on post-processing may not be the best approach in practice; an end-to-end approach encompassing preprocessing, change detection, and post-processing may be needed.



In [95], the authors proposed a change detection approach in VHR optical images. The key idea is to transform images via transformation to some common features. For example, tasseled caps transform is used in this paper for image transformation. Experiments using different multispectral sensor data were used in the evaluation of the algorithm. At the end of the paper, the authors highlighted a few future directions to address some limitations in the paper, including associating clusters with certain types of changes, feature selection to further separate different changes, etc.



The idea proposed in [96] is quite simple, and the goal is to address the issue of when the spectral shapes between changed and unchanged pixels are close. Spectral shapes, the gradient of spectral shape, and Euclidean difference between spectral shapes are used separately for change detection. A weighted fusion is then used to combine the change detection maps. The last step needs human intervention, which can be considered as a limitation of the method. Experiments showed that the results were good.



A paper by Park et al. [97] presents an interesting and unsupervised approach to change detection. The key idea is the use of cross-sharpened images, as used in another paper [92], to reduce false alarms due to relief displacement and seasonal changes. A cross-sharpened image is generated when the pan band is collected at a different time from that of the MS bands. A sequential spectral change vector analysis (S2CVA) is then applied to the various combinations of difference images. KOMPSAT-2 satellite images were used for the performance evaluation. One critical comment is that this paper only focused on S2CVA, and did not compare its approach with other state-of-the-art methods. Hence, it is hard to judge whether the proposed method is indeed better than others.



A paper by Lei et al. [98] presents an unsupervised fuzzy clustering approach for landslide detection. The first step uses fuzzy c-means to generate landslide candidates. The second step utilizes differences in image structure instead of pixel difference for landslide localization. High resolution aerial images (3-band) collected in three locations in Hong Kong were used for algorithm validation. The paper only compares the novel approach with three methods. It would have been good to see a more thorough comparative study with some modern change detection methods which are described in the literature.



A paper by Li et al. [99] is very interesting, in the sense that even though it uses deep learning for change detection, the approach is actually an unsupervised one. One key innovation is the utilization of the change detection maps of existing unsupervised change detection methods to train the deep CNN. Hyperion images were used in the experiments. This is a promising approach, as it allows deep learning to succeed without using supervised training data.



Table 2 summarizes the papers in this subsection. We tried to group some papers that use similar methods. However, the methods are more diverse than those in Table 1.




2.5.3. Applications


Change detection algorithms have been used in many applications such as arid environment monitoring [100], submerged biomasses in shallow coastal water [101], phragmites australis distribution [102], etc. We will mention some other applications in the following paragraphs.



A paper by Ballanti et al. [103] used an object-oriented approach that performs hierarchical classification using commercial software (eCognition Developer) to identify changes within the watershed and wetland ecosystems. Data for the Nisqually River Delta between 1957 and 2015 were used for case studies. The changes are determined based on the classification results. During that time span, there should be some Landsat images available for some years. It is a surprise that the authors did not use Landsat images in their study.



Lv et al. [104] present some practical methods to determine changes in the change detection process: the first deals with noise reduction; the second helps the threshold selection process; and the third focuses on region growing. The authors claimed that these tools can make change detection almost automatic, which is very important in practice. Four date sets were used in the evaluation. After examining the algorithm closely, it was noticed that some decision thresholds are still needed in the region growth algorithm, which means that the algorithm is not “almost automatic”.



The paper by Lv et al. [105] talks about using textual information around a pixel as a basis for comparing the changes in two images. The algorithm is easy to follow and the results are quite good when compared to several existing methods using three data sets. However, the experiments only compared the described approach with other textual based methods. It is unclear how good this method is compared to non-textual methods such as CVA or CC. Although the paper talks about change detection between homogeneous images, the same idea may be applicable to heterogeneous images.



In [106], the authors applied Dempster Shafer (DS) fusion to combine several change detectors for urban change detection. The idea is simple, but effective, as demonstrated in the two experiments described in the paper. However, as admitted by the authors, one key limitation of this approach is that there are many parameters that need to customized, making it very demanding from the users’ point of view.



In a paper by Liu et al. [107], the authors explored the use shape features such as lines in buildings, and an object-based approach to enhance building change detection. It was demonstrated that the building change detection performance had been improved using actual satellite images. One limitation of the line features is that some non-building structures such as roads, pavements, cars, etc. may also have strong line features, thereby degrading the overall change detection performance.



A paper by Zhou et al. [108] focuses on coral reef change detection. The key contribution is the comparison of object-and pixel-based algorithms. The object-based approach involves image segmentation, random forest models, and image fusion. It was observed that, using Quickbird and Worlview-2 images, the authors were able to demonstrate that the object-based approach could yield 20% better accuracy than the pixel-based approach. The above observation may be an over-statement, as there are pixel-based algorithms [5,12,37] that utilize both spectral and neighboring spatial information to perform joint change detection.



In [109], the authors present an interesting approach to change detection that incorporates both 2D and 3D information. The 3D information refers to terrain information. Four test cases using aerial images were used for a performance demonstration. One potential limitation is that the approach assumes accurate coregistration of 2D and 3D images. As will be mentioned in Section 3, registration is challenging, even for images of the same type.



The recognition of some built-up areas is seriously affected by seasonal changes. In [110], the authors discuss the use of various spectral indices, spectral classification, and morphological processing to recognize built-up areas in Yakutsk. In addition, socio-economic modeling was also performed. Sentinel and Spot 6 images were used in the study. Although the various methods are standard and not novel, the authors have done a good job at customizing the algorithms, yielding reasonable results. The authors mentioned that, in their approach, the separation of bare soil from built-up areas is a key difficulty that needs further investigation. We suggest that the soil detection problem can be addressed using the methods described in [27,28,37].



Change detection for deforestation is affected by seasonal variations in weather. In [111], the authors explicitly take SWIR-2 in Landsat to improve the change detection performance. In particular, object-based image analysis (OBIA) combined with a Random Forest (RF) is proposed to discriminate deforestation from seasonal changes. Experiments using actual Landsat images demonstrated that 88% accuracy was achieved for the studied areas. As mentioned in the paper, there are some limitations of the approach, including sampling considerations, timing of changes, application to large datasets, and deforestation occurrence. More research is needed for deforestation monitoring.



In a paper by Gong et al. [112], the authors first applied a deep convolutional network to obtain building proposals. After that, corner and edge information were integrated for feature detection and roof matching. Finally, a co-refinement strategy based on a conditional random field (CRF) was used to classify buildings as “newly built,” “demolished”, or “changed”. Experimental results using aerial images showed more than 85% accuracy for building change detection. One limitation is that the proposed approach is sensitive to segmentation accuracy. Another limitation is that the patch matching performance may be poor when the roofs do not have distinct features.



The above papers are summarized in Table 3. As shown, there are many diverse applications in the table.






3. Challenges in Change Detection from Practitioners’ Viewpoints


Despite intensive research in change detection using MS and HS images over the past two decades, there are still quite a few challenging and important problems. Here, we mention some of them from practitioners’ points of view.



3.1. Need to Enhance Registration Performance


Since the performance of change detection algorithms depends heavily on the accuracy of registration, it is critical to have registration algorithms that can reach sub-pixel accuracies. For images collected at nadir, feature-based algorithms based on SIFT or SURF perform quite well. However, for images collected off-nadir, feature-based algorithms can cause big errors. For example, Worldview images are normally collected off-nadir, as one can see the sides of buildings. More research in robust and accurate registration algorithms is still needed for the handling off-nadir images.



To handle registration errors, one possible remedy is to resort to robust prediction algorithms. As mentioned earlier, Eismann [46] did a comparative study. CE [47] is more robust than CC [48] when there are large registration errors. The use of nonlinear NN [16] was also demonstrated to perform better prediction than CE and CC.



The paper by Marchesi et al. [113] presents an adaptive technique that mitigates the registration noise on very high resolution (VHR) images. The first step is to identify registration noise; the second is a context-sensitive decision strategy to create the final change-detection map. Experiments using actual images demonstrated the performance.



Although there are papers such as CE [47] and the method in [113] that can perform robust change detection in the presence of registration errors, more research on other robust algorithms could be interesting.



A related paper [114] also discussed an approach that is robust to misregistration errors that are less than one pixel. The key ideas are summarized in Figure 1 and Figure 2 of [114]. Each 3×3 block is divided into four quadrants, and each quadrant has nine parameters that can be optimized to compensate for misregistration errors. Several data sets were used to validate the proposed algorithms. One notable limitation of the approach is that roof matching can be erratic due to lack of textual features.




3.2. Need to Improve Computational Efficiency


Because of hundreds of bands, more computations are needed for hyperspectral images compared to MS images. Researchers have experimented with numerous ways to reduce computations for HS images. A well-known technique is to apply PCA to compress hundreds of bands into only ten or fewer bands. In [15,115], the researchers developed target detection algorithms directly in the radiance domain instead of the reflectance domain. As a result, only a small number of target signatures need to be converted from reflectance to radiance, and hence, a great reduction of computations has been achieved. Similarly, there are fast anomaly detectors based on random down sampling of background pixels [116], cluster centers of background pixels [16], progressive line scanning [53], and recursive implementation [117].



For local change detection, parallel processing using multi-core CPUs and GPUs may be another future direction.




3.3. Possibility of Change Detection Using Enhanced MS and HS Images


In some recent studies [12,18], it was observed that high spatial resolution images can enhance target detection performance. Similarly, we believe that the change detection performance may also be improved if high resolution images are available.



3.3.1. Enhancing the Spatial Resolution of MS Images


A well-known approach to enhancing the MS image resolution is via pansharpening, which uses the HR pan band to enhance LR MS images. However, in some cases where the LR MS bands consist of different spectral ranges, some new techniques may yield even better performance in terms of spatial resolution.



Let us consider the Worldview-3 images, which have one HR pan (0.5 m), eight VNIR (2 m) bands, and eight LR SWIR bands (7.5 m). Conventional algorithms apply pansharpening to the VNIR and SWIR bands separately. Recently [2,118], three new additional approaches were proposed to pansharpen the SWIR bands. Below, we show a block diagram of the best performing approach (Approach 4). Figure 7 [119] shows Approach 4, which begins with a parallel pansharpening step, followed by a sequential step. The experimental results in [2] showed that Approach 4 yielded the best performance.




3.3.2. Spatial Resolution Enhancement for HS Images


In order to illustrate our point that high resolution HS images can improve the target detection performance, we would like to include some results on soil detection for illegal tunnel detection. The objective is to use satellite images to detect excavated soil from illegal tunnel digging. Figure 8 [12] shows the enhanced pansharpened images in the multispectral and shortwave infrared (SWIR) ranges. As can be seen from Table 1 in [12] for a particular test date, the soil detection performance using joint sparse representation (JSR) [12], kernel JSR [12], matched subspace detector (MSD) [119], kernel MSD (KerMSD) [120], Support Vector Machine (SVM) [121], and pixel-wise sparse representation (SR) [122] methods have seen strong improvement after pansharpening. Details can be found in [12].



We expect that the change detection performance will be improved if spatial resolution is enhanced. However, there are some practical issues that need to be researched.



Single Image Super-resolution Methods



Here, the spatial resolution of each band in the HS image is improved without using additional images such as the pan band or some other color, or MS images from other imagers. Bicubic interpolation is the simplest and most widely used method which does not utilize the point spread function (PSF) [123]. One recent algorithm [124] utilizes PSF, if available, to improve the resolution of a single image by deblurring. The algorithm in [125] is an edge-interpolation-based method. Deep learning [126,127] -based algorithms have been applied to single image super-resolution. Strictly speaking, deep-learning-based algorithms should be called single image super-resolution, as a lot of training images are required. Dictionary-based approaches [128,129] are also explored. It should be noted that it is very difficult to obtain a lot of training images in remote sensing, making the deep learning and dictionary approaches not very practical. It is our hope that the remote sensing community can work together to build a large image database so that deep learning and dictionary-based algorithms can be compared and evaluated.



Difficulty in Carrying out Pansharpening



Pansharpening algorithms [124,125,126,127,128,129,130,131,132,133,134,135,136,137,138,139,140,141,142,143,144,145,146,147] have been shown to improve the spatial resolution of HS images. However, one prerequisite is the availability of high-resolution pan or color or MS images. When only LR HS images are available, it is very challenging to improve the spatial resolution, except that of using single super-resolution methods. We list some of the challenges in pansharpening below:




	
Lack of data



In a recent article [38], some recommendations are made on how to collect HS images. The idea is to collect more HR images so that deep-learning-based algorithms can have more training data. For details, see [38].



	
Pansharpening performance assessment



In practical applications, there is no ground truth images available to assess the pansharpening performance. A full resolution approach [22] is needed. However, existing full resolution assessment methods such as Quality with No Reference (QNR) are still inconsistent, because the best performing method based on QNR may not be the best method based on the peak-signal-to-noise ratio (PSNR). It may require the whole community to address this critical issue.










3.4. Possibility of Change Detection Using Synthetic HS Images


In some applications, only LR MS images are available. Will we be able to synthesize some hyperspectral images using those images? The authors of [146] worked on spectral band synthesis. Since then, there have been some new algorithms such as the Extended Morphological Attribute Profiles (EMAP) algorithm [147].



Here, rather than explaining the details of EMAP, we would like to demonstrate the advantages of EMAP for soil detection. There are eight MS bands in Worldview-3 images. We generated 80 synthetic bands using EMAP. Soil detection was then carried out using the combined 80 synthetic bands and 8 MS bands. Figure 9 shows the performance using color images for soil detection. It can be seen that the performance was poor. None of the detection methods (MSD [119], kernel MSD [120], SVM [121], and Orthogonal Matching Pursuit (OMP) or (JSR) [12] worked well. In contrast, Figure 10 [37,38] shows the results of using synthetic HS images with 88 bands for soil detection. It can be seen that the performance improvement from using synthetic bands is very significant. For example, at a 5% false alarm rate (FAR), the correct detection rate was improved by close to 20% using the joint sparsity method. More details can be found in [37,38].




3.5. Possibility of Change Detection Using Temporally-Fused Images


Here, we consider an interesting application scenario. At time t1, we have one HR MS image and a LR MS image. However, at time t2, we only have a LR MS image. We would like to ask two questions. First, can we somehow use the aforementioned images and synthesize a HR MS image at t2? Second, can we perform change detection using the HR MS image at t1 and the synthesized HR MS image at t2?



Such scenarios do exist. As shown in Figure 11, one example is the fusion of Landsat (30 m spatial resolution with 16-day revisit period) and MODIS (500 m spatial resolution with almost daily revisit). More details can be found in [148,149]. Another application scenario is the fusion of Worldview with Planet images [40]. A third temporal fusion study is for Landsat and Worldview images [150]. Once the fused images are available, more frequent change detection can then be performed for a given area. However, one limiting factor for change detection performance is the fusion performance.



A paper by Xu et al. [151] discusses a change detection approach that uses synthetically-generated images. A sparsity-based approach is used to learn the mapping between a pair of fine and coarse images. The learned mapping is then applied to the coarse image at a later time to produce a fine resolution image. Change detection is then performed between the synthetic image and the earlier fine image. The authors compared their approach with STARFM and observed that the performance was better.




3.6. Possibility of Change Detection Using Multimodal Images


As mentioned earlier, there are some recent advances [63,64,65,66,67,152,153] in change detection using multimodal or heterogeneous images. However, more research is still needed to yield consistent results.





4. Conclusions


There are many successful remote sensing applications using MS and HS images; change detection is one of them. However, there are still some challenging problems in change detection that need to be addressed. In this paper, we review some of the best known and most representative change detection algorithms in the literature. Their advantages and disadvantages are highlighted. Some recent advances in change detection using multimodal images are also mentioned. It is also worth mentioning one deep-learning approach [99] that does not require training data. We think that this approach is quite promising. We then focus on some challenging problems in change detection from a practitioner’s viewpoint. For instance, the registration of two images collected at different times may be considered a solved problem. However, in practice, this is far from the truth, especially for non-nadir images such as Worldview images. Other challenges include the use of enhanced images for change detection, and the use of fused images to increase the temporal resolution of images, etc. Some problems persist, and more research is needed.
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Figure 1. Change detection between two images. 
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Figure 2. Local prediction idea. 
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Figure 3. Residuals of global CC, segmented CC, and local CC. First row: Aug. and Oct. image pair; Second row: Sept. and Oct. image pair; Third row: Oct. and Oct. image pair; Fourth row: Nov. and Oct. image pair. Blue pixels mean small errors. 
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Figure 4. Signal flow in MRCD. 
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Figure 5. Block diagram of BandRatio/CC/Local RX. 
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Figure 6. Architecture of a deep auto-encoder. 
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Figure 7. Approach 4: A parallel pansharpening step first, followed by a sequential fusion step for enhancing WV-3 images. 
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Figure 8. RGB and SWIR images before and after pansharpening. 
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Figure 9. Performance of using color images for soil detection. 
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Figure 10. Soil detection results using synthetic bands. 
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Figure 11. Fusion of Landsat and MODIS images to create a high spatial and high temporal resolution image sequence. 
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Table 1. Summary of recent supervised change detection methods.
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	Supervised Methods
	Reference and Notes
	Data





	Deep Learning
	[82] recurrent neural network (RNN)
	Landsat, Hyperion



	
	[83] RNN
	Hyperion



	
	[84] Capsule Network
	SAR, optical



	Object based
	[68] ensemble learning
	Quickbird, Ziyuan-3, Gaofen-1,



	
	[73] Combination of pixel and object based
	Quickbird



	
	[75] Rotation forest
	Gaofen-2



	
	[76] Multiple classifiers (SVM, CVA, …)
	ZY-3



	Sparsity
	[77] low rank and sparse representation
	Pavia HSI, Hyperion



	
	[78] spectral unmixing
	AVIRIS, APEX



	
	[79] Sub-pixel classification
	Landsat, MODIS



	
	[80] Joint spectral-spatial learning
	Landsat, GF-1



	
	[81] abundance extraction using unmixing
	Hyperion



	Others
	[67] Combination of conventional methods
	ZY-3



	
	[69] Relationship learning
	QuickBird 2, Pleiades 1A



	
	[70] Kernel Slow Feature Analysis
	IKONOS



	
	[71] Semi-automatic
	Landsat



	
	[72] genetic particle swarming
	WV-2, WV-3



	
	[74] Combination of k-means and MRF
	WV-2










[image: Table] 





Table 2. Summary of recent unsupervised change detection algorithms.
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	Unsupervised Methods
	Reference and Notes
	Data





	Hierarchical
	[85] Key algorithm: CVA
	Hyperion (hyperspectral data)



	Hybrid
	[86] combination of CVA and SAM
	Quickbird



	Spectral unmixing
	[87] change detection based on endmembers
	Hyperion (hyperspectral data)



	Kernel based
	[88] Utilized many clustering tools
	Landsat and Quickbird



	Feature based
	[89] Change detection using segmentation
	Landsat and SAR



	Object based
	[90] Segmentation is key to success
	WV-2



	
	[94] Emphasize on post-processing after object detection
	Aerial images and SPOT-5



	Random walk
	[91] Combination of random walk, PCA, and GMM
	Landsat, ASTER, Quickbird



	Image fusion based on cross-pansharpened images
	[92] IR-MAD for change detection
	IKONOS-2, WV-3, GF-1



	
	[97] Use modified CVA
	KOMPSAT-2



	Band selection
	[93] CVA was used after band selection
	Hyperion



	Transformation based
	[95] focus on features from linear transformation
	Quickbird, WV-2, Geoeye-1



	Hybrid spectral difference
	[96] Combine spectral shapes, gradient of spectral shapes, and Euclidean distance
	WV-2, WV-3, Landsat-7



	Fuzzy clustering
	[98] fuzzy c-means
	Aerial images



	Deep learning
	[99] Unsupervised
	Hyperion
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Table 3. Summary of recent application-oriented change detection papers.
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	Reference and Notes
	Data





	Arid environment monitoring
	[100] NDVI for change detection
	Landsat



	Submerged biomass in shallow coastal water
	[101] substrate-leaving radiance estimation
	Landsat



	Phragmites australis distribution
	[102] iterative intersection analysis algorithm based on NDVI
	Landsat



	Wetland mapping and historical change detection
	[103] object-based approach
	Aerial images, WV-3 images, lidar



	Land cover change detection
	[104] region growing algorithm
	Aerial images, Landsat



	
	[105] Contextual based
	Aerial images, Landsat



	Urban change detection
	[106] Combined object- and pixel-based approaches
	GF-2 images



	Building change detection
	[107] Object-based approach
	WV-2 images



	
	[112] Patch-based approach
	Aerial images



	Coral reef change detection
	[108] Compared object- and pixel-based methods
	Quickbird and WV-2 images



	Large event crisis management
	[109] Compared 2D and 3D change detection methods
	Aerial images



	Built-up area monitoring
	[110] supervised classification group and spectral index-based group
	Sentinel-2A and SPOT 6



	Cerrado (Brazilian savanna) biome monitoring
	[111] Object based approach
	Landsat
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